Modeling farmer decision-making using an agent-based model for studying best management practice adoption rates: A typological approach by Zeman, Kendra R.
c© 2019 Kendra R. Zeman
MODELING FARMER DECISION-MAKING USING AN AGENT-BASED MODEL





Submitted in partial fulfillment of the requirements
for the degree of Master of Science in Agricultural and Biological Engineering
in the Graduate College of the
University of Illinois at Urbana-Champaign, 2019
Urbana, Illinois
Master’s Committee:
Associate Professor Luis F. Rodríguez, Chair
Assistant Professor Rabin Bhattarai
Associate Professor Anna-Maria Marshall
ABSTRACT
Nutrient pollution is a significant water quality issue causing algal blooms and hy-
poxia in watersheds, impacting local aquatic life, industries, and the health and safety
of people. The Mississippi watershed and the northern Gulf of Mexico are examples
where this is a particular problem. Agriculture is a major non-point source contrib-
utor to this problem. The implementation of best management practices (BMPs)
by farmers could greatly reduce the amount of nutrient runoff into the surrounding
watershed. For this to be effective, however, farmers must implement these prac-
tices. Understanding the factors that farmers consider when making decisions and
the value system that farmers use to analyze potential practices is a necessary but
challenging step in reducing nutrient pollution. A computer model, NitroShed, was
created to model the decision-making process of farmers that results in the adop-
tion of BMPs. NitroShed was developed using Python and the package Mesa to
create an agent-based model for studying complex decision-making. This was done
by using a decision-making algorithm to simulate the farmer considering investments
in environmental infrastructure and selection of management practices. The model
includes a typology based on the factors farmers contemplate when making deci-
sions. These typologies are Business, Conventional, Environmental, Innovator, and
Supplemental. Each group of farmers is unique in the way they value economics,
social pressure, environmental protection, risk aversion, and innovation in agricul-
tural methods. NitroShed was then validated through modeling adoption rates in
an Iowa watershed. Finally, the model was used to test policy and financial incen-
tives to influence adoption rates of desired practices. Results of the model show that
each farmer type reacts differently to social and financial incentives for adopting
ii
BMPs. As farmer demographics change in the future, adoption rates may naturally
increase or could be influenced by raising cost share assistance or implementing a
fine. The use of the model in expanded research is possible due to a modular design
and thorough documentation. The NitroShed model is applicable for further study of
farmer decision-making and interfacing with hydrological and geographic modeling
software.
iii
To my family, for their unconditional love and support.
iv
ACKNOWLEDGMENTS
Thank you to Dr. Luis Rodríguez for being a mentor and advisor through my
undergraduate and graduate degrees. Your time and energy have pushed me to
achieve more than I thought possible when beginning this process.
I would also like to thank my colleagues past and present in the BioMASS lab:
Kelsey Schreiber, Ana Spranger, Alex Timmons, Nick Perozzi, Chelsea Peterson,
Sun Lu, Jason Uen, John Brady Winkler, Xiaolu Qi, Wei-Ting Liao, Bridget Curran,
Bruna Scotton, Tao Lin, and Sijie Shi. Their collaboration improved my work and
their support guided me through this journey.
My committee members have also been a great help to me during this endeavor.
Thank you Professor Anna-Marie Marshall for guiding me in understanding the so-
ciological perspective of my research, and Professor Rabin Bhattarai for teaching me
the biophysical concepts necessary for my work.
Finally, I would like to thank my friends and family who have stood by me during
this journey, especially my parents, Larry and Carol Zeman, and my sister, Adia
Zeman Theis. Your unconditional love has bolstered me through this process.
v
CONTENTS
LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii
LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix
Chapter 1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . 1
Chapter 2 LITERATURE REVIEW . . . . . . . . . . . . . . . . . . . . . . 4
2.1 Human Behavior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Farmer Typology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3 Creating Agent-Based Models with Farmer Decision-Making . . . . . 10
2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
Chapter 3 METHODOLOGY . . . . . . . . . . . . . . . . . . . . . . . . . . 16
3.1 Overview, Design Concepts, and Details Model Design . . . . . . . . 17
3.2 Model Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
3.3 Case Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
Chapter 4 RESULTS AND DISCUSSION . . . . . . . . . . . . . . . . . . . 62
4.1 Results of Typology Changes on Adoption Rates . . . . . . . . . . . . 63
4.2 Results of Financial Incentives on Adoption Rates . . . . . . . . . . . 73
4.3 Discussion of Typology Changes on Adoption Rates . . . . . . . . . . 81
4.4 Discussion of Financial Incentives on Adoption Rates . . . . . . . . . 85
4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
Chapter 5 CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
Chapter 6 FUTURE WORK . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
BIBLIOGRAPHY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
vi
APPENDIX A: INPUT DATA . . . . . . . . . . . . . . . . . . . . . . . . . . 107
vii
LIST OF TABLES
3.1 Environmental Agent State Variables . . . . . . . . . . . . . . . . . . 24
3.2 Community Agent State Variables . . . . . . . . . . . . . . . . . . . . 25
3.3 Farmer Agent State Variables . . . . . . . . . . . . . . . . . . . . . . 26
3.4 User-Selected Input Variables . . . . . . . . . . . . . . . . . . . . . . 35
3.5 Parameters for Considered Farm Practices . . . . . . . . . . . . . . . 40
3.6 Field Capacity of Equipment . . . . . . . . . . . . . . . . . . . . . . . 40
3.7 Objective Function Parameters . . . . . . . . . . . . . . . . . . . . . 41
3.8 Profit Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.9 Social Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.10 Environmental Variables . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.11 Risk Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.12 Innovation Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
3.13 Parameters for Considered Farm Practices . . . . . . . . . . . . . . . 50
3.14 User-Selected Input Variables . . . . . . . . . . . . . . . . . . . . . . 51
3.15 Typology Ratios Used in the Validation . . . . . . . . . . . . . . . . . 52
3.16 Adoption Rate Results from Model Validation . . . . . . . . . . . . . 53
3.17 Baseline Ratios for Farmer Typologies . . . . . . . . . . . . . . . . . 56
3.18 Business Type Farmer Ratio Variation . . . . . . . . . . . . . . . . . 56
3.19 Conventional Type Farmer Ratio Variation . . . . . . . . . . . . . . . 57
3.20 Environmental Type Farmer Ratio Variation . . . . . . . . . . . . . . 57
3.21 Innovator Type Farmer Ratio Variation . . . . . . . . . . . . . . . . . 58
3.22 Supplemental Type Farmer Ratio Variation . . . . . . . . . . . . . . 58
A.1 Economic Input Data for Validation . . . . . . . . . . . . . . . . . . . 107
A.2 Farmer Typology Parameter Ranges . . . . . . . . . . . . . . . . . . . 108
A.3 Working Day Probability . . . . . . . . . . . . . . . . . . . . . . . . . 109
viii
LIST OF FIGURES
2.1 Farmer Typology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.2 Decision Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
3.1 Class Diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2 Example Environment Grid . . . . . . . . . . . . . . . . . . . . . . . 21
3.3 Model Module . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.4 Environmental Agent Module . . . . . . . . . . . . . . . . . . . . . . 24
3.5 Community Agent Module . . . . . . . . . . . . . . . . . . . . . . . . 25
3.6 Farmer Agent Module . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.7 Random Scheduler Module . . . . . . . . . . . . . . . . . . . . . . . . 30
3.8 Data Collector Module . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.9 RunModel Module . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.10 Results of Farmer Adoption of Select BMP Practices . . . . . . . . . 49
3.11 Results of Validation Study . . . . . . . . . . . . . . . . . . . . . . . 54
3.12 BMP Adoption Rates Based on Typology . . . . . . . . . . . . . . . . 55
4.1 Results of Varying Percentage of Business Farmers . . . . . . . . . . . 63
4.2 Results by Type of Varying Business Farmers . . . . . . . . . . . . . 64
4.3 Results of Varying Percentage of Conventional Farmers . . . . . . . . 65
4.4 Results by Type of Varying Conventional Farmers . . . . . . . . . . . 66
4.5 Results of Varying Percentage of Environmental Farmers . . . . . . . 67
4.6 Results by Type of Varying Environmental Farmers . . . . . . . . . . 68
4.7 Results of Varying Percentage of Innovator Farmers . . . . . . . . . . 69
4.8 Results by Type of Varying Innovator Farmers . . . . . . . . . . . . . 70
4.9 Results of Varying Percentage Supplemental Farmers . . . . . . . . . 71
4.10 Results by Type of Varying Supplemental Farmers . . . . . . . . . . . 72
4.11 Results of Varying Cost Share for Cereal Rye Cover Crop . . . . . . . 74
4.12 Results by Type of Varying Cost Share for Cereal Rye Cover Crop . . 75
4.13 Results of Varying Cost Share for Drainage Water Management . . . 76
ix
4.14 Results by Type of Varying Cost Share for Drainage Water Management 77
4.15 Results of Varying Cost Savings for Nutrient Management . . . . . . 78
4.16 Results by Type of Varying Cost Savings for Nutrient Management . 79
4.17 Results of Implementing a Fine for No BMP Implementation . . . . . 80




Nutrient pollution in the Mississippi and Atchafalaya River Basins, as well as the Gulf
of Mexico has detrimental effects on the environment, local economies, and public
health (Hypoxia Task Force, 2018). Non-point source pollution from agriculture is a
significant contributor to this issue. Implementation of best management practices
(BMPs) by farmers to reduce runoff is a vital part of solving this challenge. However,
adoption rates of these practices remain low, even when financial incentives are in
place. Identifying the reasons farmers may be reluctant to use BMPs and how to
incentivize farmers is necessary for nutrient loss reduction initiatives to be successful.
The development and increased usage of chemical fertilizers and tile drainage have
led to improved agricultural productivity in the Midwestern United States. Un-
fortunately, excess nutrients from these methods have resulted in pollution of the
Mississippi River Basin and the Gulf of Mexico. Nutrient pollution can lead to
eutrophication resulting in algae blooms and hypoxia. Reduced oxygen content in
water bodies can lead to fish kills, reduced growth and development rates, and al-
tered food webs in marine ecosystems (Breitburg, 2002). This can negatively impact
local fisheries and tourist economies. For US freshwater systems alone, this is es-
timated to cost the recreational boating and angling industries up to $1.16 billion
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annually (Dodds et al., 2009). Nutrient pollution can also have significant implica-
tions for public health. Nitrate poisoning occurs when the body absorbs nitrates at
levels which hemoglobin cannot carry sufficient oxygen. Infants are most susceptible
to this condition, commonly referred to as blue baby syndrome (Majumdar, 2003).
Nitrates from fertilizer runoff in drinking water have also been linked to an elevated
risk of cancer, causing an estimated 2,300 to 12,594 cancer cases annually (Temkin,
Evans, Manidis, Campbell, & Naidenko, 2019).
To combat this issue, the United States Environmental Protection Agency (EPA)
created the Gulf Hypoxia Action plan in 2008. In conjunction, states created pro-
grams such as the Illinois Nutrient Loss Reduction Strategy and the Iowa Nutrient
Reduction Strategy (Illinois EPA, 2018; Iowa Nutrient Reduction Strategy, 2017).
The goal of these initiatives was to reduce the nutrient pollution entering the Mis-
sissippi River watershed. Illinois is the largest contributor of both nitrogen and
phosphorus, with 80% of the nitrogen load from agriculture (Illinois EPA, 2018).
Steps have been taken to reduce nutrient loss through education and funding for
on-farm infrastructure and implementation of BMPs. These projects have already
contributed to a 10% decrease in nitrate-nitrogen flux compared to the baseline aver-
ages from 1980 to 1996 (Illinois EPA, 2018). While this is a significant improvement,
continuing to reduce nutrient pollution will require an increased adoption rate by
farmers of BMPs. Changing farmer behavior to implement BMPs is a challenge that
requires extension agencies and other groups to identify not only which practices will
be most effective in reducing nitrogen loss, but also which farmers may be willing to
implement the practices. This is accomplished by understanding the value systems
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farmers use in making decisions and what factors farmers consider when changing
management practices.
Decision-making is a complex process unique to each farmer. Multiple factors in-
fluence how farmers create their crop schedule and decide which practices to use.
Agent-based models can be useful tools in studying how farmers make their deci-
sions (Bonabeau, 2002). By developing an algorithm that utilizes key factors in the
decision-making process and how farmers value these factors, an agent-based model,
NitroShed, was created to study the adoption of BMPs. Researchers, policymakers,
and other stakeholders could use this model to identify what incentives are neces-
sary to increase BMP adoption and improve water quality. While previous models
have been created to study farmer decision-making, the models are built for spe-
cific research, limiting the usability of the model for future applications. The model
created for this study was designed to be modular and modifiable, so the model
could interface with other software and be changed to study other aspects of farmer
decision-making.
The Overview, Design Concepts, and Details (ODD) protocol was used to explain
the design of NitroShed. This method provides a structure for describing the model
in progressively more detail. The model was then tested using a case study of a
watershed in northwestern Iowa to ensure the model can simulate real-world decision-
making. Once completed, the model was used to test factors such as cost sharing for
farmers and variation in farmer types. The results of the model show that farmer





Agent-based models are computer models that can be used to simulate complex sys-
tems, such as farmer decision-making (Booch, 1994). The model, using autonomous
objects, allows the user to observe emerging behavior. This type of model is useful for
simulating human actions based on decision parameters from the interacting objects
(Bonabeau, 2002). The challenge of creating these objects is identifying what fac-
tors farmers consider when making decisions about farm management. Early models
focused primarily on which decision would produce the largest profit, however, scien-
tists found that purely economic models cannot fully model farmer decision-making
processes (Austin et al., 1998; Wu & Tanaka, 2005). This is because humans do not
always make economically rational decisions or have fully informed behavior. They
typically use heuristics for making decisions and tend to be risk averse, reacting
unequally after experiencing loss or gain (Heckbert, Baynes, & Reeson, 2010). This
means that modeling must account for these variables when developing algorithms for
representing farmer decision-making. Farmers are also limited in the decisions avail-
able to them by agricultural industrialization because of economic pressures, which
can result in ethical challenges in farm planning (Hendrickson & James, 2004). As
a result, farmers’ decisions can have adverse effects on themselves, society, and the
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environment. Understanding how farmers view the ethics associated with their man-
agement practices is thus a necessary factor when modeling farmer decision-making.
When creating these models, it is also essential that the general assumptions of
farmers are accurate. For example, it was long assumed that farmers are against
targeted conservation, which is not necessarily the case (Arbuckle, 2013). This opens
the possibility for additional conservation efforts by identifying farmers willing and
well-positioned to conserve environmentally sensitive lands (Arbuckle, 2013). To
understand these complexities in farmer decision-making and to resolve these issues,
I have reviewed the literature to find how people in general, and farmers in particular,
make decisions, how to separate farmers into typologies, and approaches for using
this information in modeling farmer decision-making.
2.1 Human Behavior
Understanding human behavior is necessary for creating an agent-based model for
farmers. Psychologists have developed several theories for understanding human
behavior and decision-making. The Theory of Reasoned Action was developed by
Fishbein and Ajzen and concluded that people’s behavior is influenced by their be-
liefs, attitudes, and intentions. The underlying idea of this theory is that people
make decisions based on two factors: Their attitude about a choice and their per-
ception of society’s opinion on that choice (Fishbein & Ajzen, 1975). The Theory
of Reasoned Action was later expanded by Ajzen to include a factor to consider
a person’s ability to control the action taking place called the Theory of Planned
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Behavior (Ajzen, 1985). This new model aims to account for factors that can in-
fluence behavior outside a person’s control and has become the basis for calculating
decision-making. Newer models have expanded on the Theory of Planned Behavior
by adding new factors in decision-making. These include habit, moral obligation,
and self-identity (Ajzen, 2005; Burton, 2004). Ajzen expands on his previous work
into the inference of personality based on attitudes and behavior, writing that while
personalities are hypothetical constructs, they can be understood using measurable
responses (Ajzen, 2005). These attributes can be determined through the actions of
people as well as through verbal statements. Surveys are another way of gauging
people’s attitudes and beliefs and are regularly used for this purpose. Studies of
farmer attitudes have been used to understand what is most important to farmers
when making decisions on management and investment. Numerous surveys indicate
that profitability is the number one concern for farmers when making their busi-
ness decisions (Saltiel, Bauder, & Palakovich, 1994; Rounsevell, Annetts, Audsley,
Mayr, & Reginster, 2003). Researchers have then taken this information and used
it to identify traits showing a statistical significance for farmers who will adopt new
practices (Austin et al., 1998).
2.2 Farmer Typology
Farmer typology is a way of creating separate generalized groups of farmers with
distinct characteristics. Each group of farmers will value decision factors differently
based on these qualities. Because of the complexity of human behavior and the broad
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scope of cultural, interpersonal, and heuristic factors that influence decision-making,
defining distinct groups of farmers without overlap is nearly impossible (Brodt, Klon-
sky, & Tourte, 2006). However, a meta-analysis of these studies can identify trends
in how and why farmers make certain decisions, which can be represented in a macro-
agricultural system (Figure 2.1).
Several studies have been performed to identify typologies based on different data
analysis and surveys. From these studies, a meta-analysis was completed to iden-
tify novel groups of farmers. These groups were given names that encapsulate the
analyzed typologies and are described in the next sections.
2.2.1 Business
The typology identified in all of the studies was a business-oriented farmer. These
farmers primarily seek to make the most money possible on the farm (Malawska
& Topping, 2016; Guillem, Barnes, Rounsevell, & Renwick, 2012). The farmers in
this typology prefer industrial agricultural practices and tend to dislike regulation
(Brodt et al., 2006). In Malawska and Topping (2016), the typology is described
as Profit Maximizers who optimize the use of chemicals and machinery to obtain
the largest profit even at the expense of yield (Malawska & Topping, 2016). These
farmers tend to prefer commodity-related payment programs such as disaster and
direct payments (Daloğlu, Nassauer, Riolo, & Scavia, 2014). Business farmers tend
to have less desire to engage in environmental conservation, especially when it would
impact the flexibility of decision-making (Guillem et al., 2012).
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Figure 2.1: Farmer Typology. Each box style represents a Study which identified
farmer typologies. These studies were performed in the United States, Western
Europe, and Australia. The Typologies were placed on the chart based on each
farmer type’s profit orientation and risk aversion. Profit orientation indicates the
economic motivation of the farmer and increases towards the right. Risk Aversion is
how strongly does the farmer seek to avoid risk, which increases up. Farmer types
were then grouped into new typologies based on these factors. This created six new
typologies: Business, Conventional, Environmental, Innovator, Supplemental, and
Investor.
2.2.2 Conventional
Conventional farmers have the strongest farming identity. These farmers are usually
multi-generational and hesitant to change. In the Malawska and Topping (2016)
study, this group is called Yield Maximizers. Even if it is not economically efficient,
these farmers are focused solely on producing the highest yield. The authors describe
these farmers as using the most fertilizer possible, even when excessive usage will not
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have a significant improvement in yield (Malawska & Topping, 2016). In Guillem
et al. (2012), this farmer is identified as a Traditionalist. Conventional farmers tend
to value social factors and aesthetics on the farm over environmental conservation
(Guillem et al., 2012).
2.2.3 Environmental
Farmers identified as Environmental are willing to sacrifice profit and yield to protect
the environment (Malawska & Topping, 2016; Brodt et al., 2006). These farmers can
have a preference for crop quality over quantity, and are less concerned about farmer
identity and instead prioritize making a living in an environmentally sustainable way
(Brodt et al., 2006).
2.2.4 Innovative
In Mattia, Lovell, and Davis (2016), the authors identified the Educated Networker
and Young Innovator typologies, which had similar characteristics regarding interest
in change and testing new farming methods. This farmer is likely to take environ-
mental and social factors into account and seek new technologies or methods which
can improve environmental conservation while also maintaining high yields (Guillem
et al., 2012). Innovator farmers tend to be more social, allowing them to engage
with other stakeholders to learn new methods and technologies for farm manage-
ment (Brodt et al., 2006).
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2.2.5 Supplemental
Supplemental farmers are persons whose primary income is not from farming. Be-
cause these farmers do not seek to make their living solely on the farm, economic
pressures are lessened. They tend to have a smaller area of farmed land, allow-
ing them to be more familiar with the environmental factors influencing their farms
(Guillem et al., 2012). Supplemental farmers prefer non-structural practices to adopt,
such as no-till, which reduce labor requirement (Daloğlu et al., 2014).
2.2.6 Investor
This group includes non-operators, investors, and absentee landowners who do not
operate the farm themselves (Daloğlu et al., 2014). The policy of leasing in farming
is an important factor in land management decisions. Because investors are not op-
erating the farm daily, two farmer decision-makers are required for the same parcel
of land. One must consider the long term decisions for the land while the other con-
centrates on the day-to-day management choices. This added complexity is outside
of the scope of the current model. Therefore, Investor farmers were not included in
the typologies used in this model.
2.3 Creating Agent-Based Models with Farmer
Decision-Making
Agent-based modeling (ABM) is a useful tool for studying complex systems to sim-
ulate how independent entities can create unexpected trends at a macro level. This
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method is frequently used as the structure for representing farmer decision-making
within a model (Dziubanski, 2018; Holtz & Pahl-Wostl, 2011; Holtz & Nebel, 2014).
When developing agent-based models for studying farmer behavior, researchers have
often utilized previously constructed crop and environmental models to interface with
their farmer decision-making ABM. RUSLE is a soil erosion software that simulates
water and soil runoff and was used in the model create by Huang et al. (2016). In
the European study by Rounsevell et al. (2003), the model utilized ACCESS, a crop
growth model. The Soil and Water Assessment Tool (SWAT) was used by Dziubanski
(2018) in a model to predict how agricultural practices impacted downstream flood-
ing. While all of these researchers used different software within their models, they
show the usefulness of utilizing previously developed models that can simulate the
natural environmental processes which occur within an agricultural system.
2.3.1 Model Parameters for Decision-Making Factors
The algorithms created in each of the models were unique and emphasized different
factors the farmer agents considered when making their decision (Figure 2.2). Each
model utilized an equation to identify the optimal choice for the farmer based on
the projected outcomes of these factors. The algorithm also included weighting
on these factors based on how influential they were to the farmer agent’s decision.
Economic concerns and risk aversion primarily motivate farmers, and these factors
were frequently used within the models (Rounsevell et al., 2003). Other factors that
were identified in the various models were social concern, environmental concern,
and interest in innovation.
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Figure 2.2: Decision Parameters. Each box style represents a different agent-based
model. The parameters considered in the models were identified into five
decision-factors: Economic Concern, Social Influence, Environmental, Risk
Aversion, and Interest in Innovation.
2.3.2 Economic Concern
All of the models studied contained economic factors within the models. Profit
maximization was the objective function for the Rounsevell et al. (2003). In other
algorithms, financial factors were heavily weighted in the decision-making process.
How these were represented in the models did differ. Two of the models had variables
simply named profit (Huang et al., 2016; Holtz & Pahl-Wostl, 2011). The Holtz and
Pahl-Wostl (2011) model included a second variable to distinguish between family-
owned farmers, which have a limited supply of free labor, and business farms, which
must hire all of their labor. Another model used gross margin as one of their variables
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as well as new crops. New crops was a way of representing how farmers are interested
in changing their previous behavior based on financial factors related to new crops
and their potential profit. Another model with economic factors included knowledge
of past profits from farming decisions and expected profits based on crop pricing
(Dziubanski, 2018). The final model did not explicitly list economic factors but
instead aimed to determine which factors beyond economic considerations influenced
farmer decision-making (Austin et al., 1998).
2.3.3 Social Concern
Social influences were limited in their usage in the models described. Only Huang et
al. (2016) included a factor for the influence of neighbors on farmers. In that model,
farmers sought to be similar to their neighbors, simulating how one farmer changing
management practices may influence the local farming community (Huang et al.,
2016). As described in the next section, researchers developing typologies for farmers
identified the impact of social networks and community influence as significant when
separating farmers into unique groups.
2.3.4 Environmental Concern
The goal of many of these models was to reduce the impact of agricultural practices
on the environment. The farmer’s concern and consideration for reducing environ-
mental harm were included in both Huang et al. (2016) and Austin et al. (1998). In
another model, this was described as conservation goal (Dziubanski, 2018). The im-
portance of this parameter was that choosing environmentally beneficial management
13
practices may have neutral or negative economic costs for the farmer. Therefore, this
variable, in particular, can be in direct conflict for farmers seeking to maximize profit.
Understanding how environmental concern influences management practices will be
vital to developing policies that will reduce nutrient runoff from farms.
2.3.5 Risk Aversion
Risk Aversion was also a common factor within the models. This factor was consid-
ered in the model by Dziubanski (2018). Holtz and Pahl-Wostl (2011) separated this
variable into perceived risk and comfort with illegal behavior. In this case, illegal
behavior meant not following rules and regulations set by the government and the
comfort a farmer had with ignoring these laws and policies (Holtz & Pahl-Wostl,
2011). Austin et al. (1998) described this risk as farmer stress in making decisions.
This factor was particularly important for farmers considering changing their man-
agement practices, as they may be concerned that doing so could negatively impact
their farm.
2.3.6 Interest in Innovation
Innovation for farmers was directly related to their interest in new management
practices and willingness to change behavior. This can be viewed through the lens
of overall innovative behavior or interest in technology (Austin et al., 1998). In the
model created by Austin et al. (1998), computer usage was a measure of level of
education and interest in learning new technology. The model created by Rounsevell
et al. (2003) represents this factor as the willingness to use new types of machinery
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on the farm.
2.3.7 Modeling the Objective Function
The use of these parameters can be representative of the factors that influence the
farmer’s choices regarding management practices. For this to be effective, the model
must also weigh these factors based on how much the farmer values them. This can
be done using an optimization function such as the Theory of Planned Behavior.
Holtz and Pahl-Wostl (2012) used a similar function when creating the decision-
making algorithm for their agent-based model. The development of the optimization
function used within the NitroShed model will be further described in Chapter 3.
2.4 Conclusion
The results of this literature review show that human behavior is complex and can be
challenging to model, but progress continues to be made in how we simulate decision-
making. These models have many similarities in structure and parameters, which
can be categorized to identify the most important factors when developing the algo-
rithm for an agent-based model. Based on the meta-analysis of the given typologies,
five groups were identified for use in the developed agent-based model: Business,
Conventional, Environmental, Innovator, and Supplemental. The utilization of these
typologies allows this model to represent the different value systems that influence




Understanding farmer decision-making related to the adoption of Best Management
Practices (BMPs) is vital for nutrient loss reduction. Studying how farmers choose
to implement these practices and what possible incentives could increase adoption
rates is the ultimate goal of this model. Agent-based modeling is an effective way of
studying complex phenomena such as decision-making (Railsback & Grimm, 2012).
This type of model can be used to identify patterns that may not be immediately
obvious or intuitive.
The agent-based model was designed and implemented in Python 3.7 using Mesa.
Mesa is an open-source Apache 2.0 licensed package to be used for agent-based mod-
eling in Python (Masad & Kazil, 2015). The model uses historical data to simulate
farmer decision-making based on farmers’ past experiences, value systems, and ex-
pectations. The goal is to design a modularized and modifiable framework for mod-
eling farmer decision-making. The model is described using the Overview, Design
Concepts, and Details (ODD) protocol (Railsback & Grimm, 2012) and shown graph-
ically using the Object-Oriented Analysis method (Booch, 1994). This is followed
by case studies testing model functionality. The code is available through GitHub at
https://github.com/kzeman2/nitroshed/releases/tag/V1.0 and can be accessed by
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reaching out to Kendra Zeman at kendrazeman@gmail.com.
3.1 Overview, Design Concepts, and Details Model Design
The Overview, Design Concepts, and Details (ODD) protocol is a method of de-
scribing agent-based models quickly and concisely (Railsback & Grimm, 2012). This
protocol initially provides an Overview where the Purpose of the model is explained
and the Entities and the State Variables are identified. Then, the Scale and Schedul-
ing of the model are described. The next section is the Design Concepts which
describes the emergence of patterns from the model, observations that can be made
from the outputs, sensing of the agents to obtain information, how the agents adapt
behavior based on their objectives and past experiences, what predictions agents
make for their future, how the agents interact, and how stochasticity is used in
the model. The details section provides additional important information regarding
Initialization, Input Data, and Submodels.
3.1.1 Overview
The NitroShed model is an agent-based model for studying farmer decision-making
related to BMP adoption. The structure of the model is designed to take in historical
crop data and information related to BMPs and output expected adoption rates of
the selected BMPs. To simulate farmer decision-making, farmers have a typology
attribute that describes their value system. The typologies considered are Business,
Conventional, Environmental, Innovator, and Supplemental farmers (Section 2.2).
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Farmers use these value systems to weigh the decision-making factors: Economics,
Sociability, Environmentalism, Risk Aversion, and Innovation (Section 2.3.1). Farm-
ers use these factors to decide if they should implement one of the potential BMPs.
NitroShed is broken up into seven modules, each controlling a different aspect of
the model using the Python package Mesa (Figure 3.1). Mesa was built specifically
for developing agent-based models and provides pre-made formats and modules for
building the model (Masad & Kazil, 2015). The first module is RunModel. The
user controls and starts the simulation and is described in further detail in the Ini-
tialization section (Section 3.1.4). Four of the modules are known as classes which
are the blueprints that create the entities which are acting in the model. These
classes are Model, Environmental Agent, Community Agent, and Farmer
Agent. Model is a class which calls all of the functions and controls when the other
classes are run. Environmental Agent, Community Agent, and Farmer Agent
are the classes which simulate the agents in the model, each with unique behaviors.
Model, Environmental Agent, Community Agent, and Farmer Agent are all
described in the Entities (Section 3.1.1.2) and State Variables (Section 3.1.1.3) sec-
tions. The final two modules are RandomScheduler and DataCollector. These
are pre-made modules in Mesa which control the activation of the agents and store
the data as the model is run (See Section 3.1.2.2).
3.1.1.1 Purpose
The objective of the model is to provide a tool for studying the factors influencing
farmer adoption of BMPs. This model is designed to be useful to researchers, pol-
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Figure 3.1: Class Diagram. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). Each box represents a module in the NitroShed Model. In each box
the top section states the name of the module in the code. The middle describes
the variables in that module. The - sign denotes a fixed variable and + denotes a
dynamic variable. The name of the variable is followed by its type. The type names
are abbreviated. Int stands for integer, str stands for string, flt stands for float.
The bottom box in each section indicates the functions used in that model, and
includes variables used in each function. Arrows denote the flow of information
with notations in the arrows indicating a relationship (Booch, 1994).
icymakers, and outreach groups for developing better strategies for increasing the
rate of BMP implementation on Midwestern field crop farms. The model is also
developed to be modular and modifiable so that it can be interfaced with biophysical
models to allow for studying specific regions.
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3.1.1.2 Entities
The entities in the model are the major components of the model. These include the
Model, Environment Agent, Community Agent, and the Farmer Agent. Each entity
contains unique attributes that control their behavior.
Model: The Model class controls the global environment and manages the agents
in NitroShed (Figure 3.3). Model creates the agents and calls the scheduler which
organizes when the agents are run. This class also stores global data such as the
input data (See Section 3.1.5) and the current year in the simulation and distributes
information to the agents as needed.
Environment Agent: The Environment Agent in the model consists of an array
representing a two-dimensional grid of square parcels of land (Figure 3.4). These
parcels provide coordinates where farmers and their farmland are placed and man-
aged for the duration of the simulation (Figure 3.2). The size of the environment
is determined by the user during initialization, designating the number of cells wide
and high for the Environmental Agent. Under the current model design, each grid
space is homogeneous in terms of soil type and elevation. These grid spaces allow
for interfacing with a physical model to represent biophysical parameters related to
a specific region.
Community Agent: The Community Agent encapsulates all stakeholders out-
side of the Farmer Agents. This includes government agencies such as the USDA
Natural Resources Conservation Service (NRCS), local Soil and Water Conserva-
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Figure 3.2: Example Environment Grid. Grid created by Environmental Agent
with farmers randomly placed in the space, represented by light squares. The grid
is generated when running the model in single batch mode. This graph shows a
grid space of Width=10, Height=10, and 25 farmers.
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tion Districts (SWCDs), and University Extension offices. These organizations pro-
vide resources and incentives such as the Environmental Quality Incentives Program
(EQIP) through NRCS, which provides farmers with financial assistance to imple-
ment conservation practices (USDA-NRCS, 2019). The Community Agent does this
by providing cost shares or fines for the farmers to influence adoption rates. The
possible BMPs will be described later in Section 3.1.5.2.
Farmer Agent: The Farmer Agents are the primary actors in this model. Each
Farmer Agent has a unique set of parameters. The Farmer Agents are separated
into five typologies: Business, Conventional, Environmental, Innovator, and Sup-
plemental (Section 2.2). The typology of the farmer influences how strongly each
decision factor, Profit, Sociability, Environmentalism, Risk Aversion, and Interest in
Innovation, is valued (Section 2.3.1). Farmers are also randomly assigned a number
of acres of farmland and a location for their farms. These parameters are used for
farmers to consider the potential BMPs and select which option is optimal. The
decision-making function used to determine this is described below (Section 3.1.6).
3.1.1.3 State Variables
The State Variables are the fixed and dynamic attributes that characterize the indi-
vidual agents and influence their behavior.
Model: The Model contains the fixed input data in NitroShed. The variables
in the model contain three data structures: EconomicData, BMPInputData, and
FieldCapacity (Further information about this data is found in Section 3.1.5). The
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final variable is the year. This represents the current year in the simulation and
updates accordingly.
Figure 3.3: Model Module. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). The box contains the Model module. The top section states the
name of the module in the code. The middle describes the variables in the module.
The - sign denotes a fixed variable and + denotes a dynamic variable. The name of
the variable is followed by its type. The data structures EconomicData and
FieldCapacity are dataframes and BMPInputData is a list. The Y ear variable is
an integer. The bottom box indicates that the Environmental Agent does not
perform any functions.
Environmental Agent: The Environmental Agent represents the area of land
where farms are located (Figure 3.4). This space is determined by the input Width
and Height (Table 3.1). The current version of the model assumes the entire area is
homogeneous.
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Figure 3.4: Environmental Agent Module. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). The box contains the Environmental Agent. The top section states
the name of the module in the code. The middle describes the variables in the
module. The - sign denotes both Width and Height are fixed, and int signifies that
both are integers. The bottom box indicates that the Environmental Agent does
not perform any functions. (Booch, 1994).
Table 3.1: Environmental Agent State Variables. Parameters for the Environmental
Agent are identified with a description of each including units, and the range of
possible values. In this instance, both Width and Height are unit-less, which is
designated using the value "1".
Parameter Description(Units) Range
Width Width of the Environmental Space (1) > 0
Height Height of the Environmental Space (1) > 0
Community Agent: The state variables for the Community Agent relate to fi-
nancial incentives and penalties to encourage farmers to adopt the BMPs considered
in the model (Table 3.2). This is represented in the form of cost share available to
farmers for implementing Drainage Water Management, DWMcs, and Cereal Rye
Cover Cropping, RCCcs. For Nutrient Management, the variable NMcs relates to
the costs or savings of implementing a Nutrient Management plan and NoBMPcs
is a fine placed on farmers for not implementing a BMP (Figure 3.5). Further detail
regarding the BMPs is provided in Section 3.1.5.2.
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Figure 3.5: Community Agent Module. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). The box contains the Community Agent. The top section states the
name of the module in the code. The middle describes the variables in the module.
The - sign denotes the fixed variables for the cost share provided to the farmers to
implement BMPs. The flt indicates that these variables are floats. The bottom box
indicates that the Community Agent does not perform any functions. (Booch,
1994).
Table 3.2: Community Agent State Variables. Parameters for the Community
Agent are identified with a description of each including units and range of possible
values.
Parameter Description(Units) Range
NoBMPcs Fine for farmers not implementing a BMP($/acre) ≤ 0
RCCcs Cost Share to implement Cereal Rye CoverCropping ($/acre) ≥ 0
NMcs Cost Savings or Expense in ImplementingNutrient Management ($/acre) ≥ 0
DWMcs Cost Share to implement Drainage WaterManagement ($/acre) ≥ 0
Farmer Agent: State Variables for the Farmer Agent influence how the farmers
select which BMP best meets their needs based on their value system (Figure 3.6
and Table 3.3). The most significant State Variable for the farmer is typology. Each
Farmer Agent is given a typology that indicates how the farmer values each decision
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factor (See Appendix A.2). The possible typologies for the farmers are Business,
Environmental, Supplemental, Innovative, and Conventional (Section 2.2). Each
typology has a different range for the weights used to measure how strongly each
decision factor is valued for the farmer.
The decision factors the farmer considers when making their decision are Profit,
Social, Environmental, Risk, and Innovation (Section 2.3.1). The weighting of
these values represents how influential that attribute is in the farmer’s decision-
making process. Most of the values are scaled according to the farmland area the
farmer maintains. The exception to this is the social attribute, which relates to
the fraction of neighboring farms implementing the considered BMP (weights used
in the model are shown in Appendix A.2). Farmer Agents also include the state
variables for their position, pos, which is the farm location within the environment,
the land area, Farmlandarea, they are farming, and their selected BMP for the year,
BMPselection. More information on how this is done is described in the sub-model
Section 3.1.6.
Table 3.3: Farmer Agent State Variables. Parameters for the Farmer Agents are
identified with a description of each, including units, and range of possible values.
Unit-less parameters are designated using the value "1".
Parameter Description(Units) Range
pos Location of Farmer in Grid(1,1) > 0, > 0
Farmlandarea Area the Farm is Cultivated (Acres) > 0
BMPselection BMP Currently Selected by the Farmer No BMP, RCC, NM, DWM
Profit Profit(Economic) Attribute (1) 0 - 20
Social Social Attribute (1) 10,000 - 40,000
Environmental Environmental Attribute(1) 0 - 20
Risk Risk Attribute (1) -20 - 20
Innovation Innovation Attribute (1) -20 - 20
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Figure 3.6: Farmer Agent Module. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). The box contains the Farmer Agent. The top section states the
name of the module in the code. The middle describes the variables in the module.
The - sign denotes the fixed variables and + denotes dynamic variables. The name
of the variable is followed by its type. The type names are abbreviated. Int stands
for integer, str stands for string, flt stands for float. The bottom box in each
section indicates the functions used in that model, and includes variables used in
each function. (Booch, 1994).
3.1.1.4 Scales
The time-step for the model represents one year. Each Farmer Agent selects a
BMP to implement, followed by post-harvest analysis of the results of the practice.
Simulations can last for 5 to 25 time-steps and are determined by the user. Spatially,
the grid produced by the Environmental Agent is a unit-less grid where farmers are
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randomly placed (Figure 3.2).
3.1.2 Process Overview and Scheduling
Process Overview and Scheduling provides an outline for order of the functions called
in the model and steps taken. Scheduling provides details into how the agents are run,
particularly the Farmer Agents. This section also provides information regarding the
DataCollector, which stores information during the simulation.
3.1.2.1 Process Overview
The farmer schedule in the model is broken into two segments. The off-season and
the growing season to represent the work farmers do during the year. During the off-
season, the farmer uses the MakeDecision function to consider each of the possible
BMP options: No BMP, Cereal Rye Cover Cropping (RCC), Nutrient Management
(NM), and Drainage Water Management (DWM) (this function is further described
in Section 3.1.6). Once the farmer has selected their BMP, they then begin the
growing season. Economic data is used to calculate their actual income using the
CalcIncome function. This data is described in Section 3.1.5.1. Farmers then store
the resulting income, yield, price, and selected BMP from that year using the function
UpdateFarmHistory. This process continues until all of the farmers have made and
implemented their management practices for that year. The model then moves to
the next year and restarts the process. Once the NitroShed model has completed the
designated number of years, the model will output the BMP selection rates for the
farmer agents from the final year of the model.
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3.1.2.2 Scheduling
The Mesa package contains a module called Scheduler which controls the order agents
and functions are called in a model (Masad & Kazil, 2015). This allows the user to
determine the process for agents to be selected to complete their behaviors. The
Scheduler allows the agents to be called sequentially, simultaneously, in stages, or
randomly (Masad & Kazil, 2015). This model uses the Random Scheduler where at
each time step the order farmers are activated is randomized (Figure 3.7). The Ran-
dom Scheduler was used to prevent bias based on the order that farmers were created
while also allowing farmers to be influenced by the decisions of their neighbors. Once
a farmer agent made their BMP selection and had calculated their income for the
year, the DataCollector gathered the results from their decision and stored the in-
formation in a dataframe. The DataCollector contains two variables modelreporters
and agentreporters which store data from the individual agents and the model as a
whole. This data can then be used for analysis at the completion of the simulation
(Figure 3.8).
3.1.3 Design Concepts
The Design Concepts section elaborates on the decision process for designing the
agent-based model (Railsback & Grimm, 2012). The concepts used in this model are
Emergence, Observation, Sensing, Adaptive Behavior and Objectives, Prediction,
and Stochasticity. Emergence in the model describes the outputs from the model
where trends from the complex behavior in the model will appear. Observation
provides details regarding how the outputs from the model are displayed. Sensing
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Figure 3.7: Random Scheduler Module. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). The box contains the Random Scheduler module. The top section
states the name of the module in the code. The scheduler contains no variables,
therefore, the middle box is empty. The bottom box in each section indicates the
functions used in that model, and includes variables used in each function. (Booch,
1994).
Figure 3.8: Data Collector Module. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). The box contains the Random Scheduler module. The top section
states the name of the module in the code. The middle describes the variables in
the module. The + sign indicates both variables are dynamic. The name of the
variables are followed by their type. Both variables are dataframes which are
structures for storing data. The bottom box in each section indicates the functions
used in that model, and includes variables used in each function. (Booch, 1994).
elaborates on how agents in the model obtain knowledge and gather information over
time. Adaptive Behavior and Objectives relates to the goals of the agents and how
they change to achieve those goals. Prediction defines what the farmer expects to
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happen and how that influences their actions. Stochasticity is the variability in the
model due to randomness included in a process (Railsback & Grimm, 2012). In the
next section, each of these topics will be described regarding how they were applied
to the Nitroshed model.
3.1.3.1 Emergence
Patterns in BMP selection develop over years as farmers gather new data about
their farm experience and are influenced by their neighbors. Farmer Agent attributes
influence how important a decision-making factor is when the farmer is considering
which BMP to use. The complex nature of the decision-making function for each of
the individual farmers results in adoption rates, which are not immediately apparent.
Changing parameters within the model results in new patterns to emerge.
3.1.3.2 Observation
The model can be run using two modes with different outputs. The single run version
of the model runs for the determined number of years for one iteration. The results of
the model provide granular data in the form of a dataframe containing the calculated
objective functions for the farmers for each year. The model also produces a map
showing where farmers were placed within the grid space and a line graph for each
farmer, showing the decision-making function calculations for each of the considered
BMPs for each year.
NitroShed can also be run using a batch mode, which allows the user to run
the model for multiple iterations and vary parameters. The outputs for the batch
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mode includes a dataframe containing the general farmer population adoption rates,
adoption rates by typology, and the input parameters. Additionally, scatter plots
showing the ratio of BMP selection per iteration for all farmers, as well as by type,
are produced when the run is completed.
3.1.3.3 Sensing
The Farmer Agents obtain information from several sources when making their de-
cisions. The farmers obtain BMP data including the types of BMP available, the
nitrogen reduction, cost of the BMP, and cost share available from the Community
Agent. The farmers also gather information from their neighbors within a 5 unit
radius about what BMP their neighbors have selected.
3.1.3.4 Adaptive Behavior and Objectives
Adaptive behavior in the model is the farmer’s response to past experiences and the
BMP selection of their neighbors. At each yearly step, the farmer will reconsider
each of the BMPs and select which BMP they feel gives them the optimal outcome.
This is done by using an objective function that weighs each of the different decision-
making factors based on the value the farmer places on that factor when deciding
which BMP to select.
3.1.3.5 Prediction
During the decision-making process, the farmer predicts their income based on past
experiences. Farmers assume that the next year their yield will be the average of
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their previous yield and price received per bushel. Farmers then add the expected
cost of implementing a BMP after cost share to estimate what their income would
be should they implement the given BMP.
3.1.3.6 Stochasticity
Stochastic variability is included in multiple features in the model. The farmers are
randomly selected to make their decisions at each time-step. Farmers are also ran-
domly placed on the grid, resulting in a new set of neighbors with each simulation.
Farmers also have a value system in which they weigh the decision factors of Profit,
Sociability, Environmentalism, Risk Aversion, and Interest in Innovation (Section
2.3.1). Each typology has a range of potential weights for individual decision factors
which are uniformly distributed (Appendix A.2). When farmers are initialized, they
are randomly assigned a weight for each of the decision factors based on their typol-
ogy. This results in farmers within the same typology having unique value systems
with potentially different adoption practices.
3.1.4 Model Initialization
Before running the model, the user selects the grid width and height (Section 3.1.1.2),
the number of years simulated, and the number of farmers in each typology (Table 3.4,
Figure 3.9). The Height andWidth values can be any positive integer. The Sim_Year
value representing the number of years the model is run has a lower bound of three to
account for a two-year warm-up period and an upper bound limited on the number
of years of data available for yield, price per bushel, and average cost per acre. The
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model uses this input data to generate the grid space for the Environmental Agent
and create the Farmer Agents. When Farmer Agents are created, they are first given
a position at an empty location in the grid space and added to the Scheduler (Section
3.1.2.2). Next, the farmers are assigned decision-making factor weights (Appendix
A.2) and an initial BMP selection of No BMP (Section 3.1.5.2).
Figure 3.9: RunModel Module. The class diagram is produced using the
Object-Oriented Analysis Method from the Universal Modeling Language (UML)
(Booch, 1994). The box contains the RunModel module. The top section states the
name of the module in the code. The middle describes the variables in the module.
The + denotes that all of the variables are dynamic, or can be modified by the
user. The name of the variable is followed by its type. In RunModel, all of the the
variables are integers. The bottom box contains the functions in the model, the
user can select to run either BatchRunner to run multiple iterations of the model,
or SingleRunner to run a single simulation. GraphProudction produces the
graphs and the end of the simulation.
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Table 3.4: User-Selected Input Variables. Parameters that determined prior to
initializing the model. Each parameter is described, including units. The range of
potential values for each parameter are listed. Unit-less values are designated by a
value of "1".
Parameter Description(Units) Range
Height Height of the Environmental Grid (1) > 0
Width Width of the Environmental Grid (1) > 0
Sim_Years Number of Years the Model is Run (Years) > 3
B_Type Number of Business Farmers (Farmers) > 0
C_Type Number of Conventional Type (Farmers) > 0
E_Type Number of Environmentalist Type (Farmers) > 0
I_Type Number of Innovative Type (Farmers) > 0
S_Type Number of Supplemental Type (Farmers) > 0
3.1.5 Input Data
NitroShed uses two categories of input data, Economic and BMP. The next section
will elaborate on these groups and the data they contain.
3.1.5.1 Economic Inputs
Economic Factors consist of historical farm data that is publicly available from mul-
tiple sources (Appendix A.1). The scale of the data varies from regional, state, and
county level. The data is also available for multiple different field crops. In this
study, the crop used is corn.
Annual Average Crop Yield (USDA-NASS, 2019c): The Average Annual Crop
yield comes from survey data collected by the USDA National Agriculture Statistics
Service (NASS). The selected data was the October forecast grain corn in bushels
per acre for the state of Iowa from years 1994 to 2018.
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Annual Crop Price (USDA-NASS, 2019b): NASS also collects survey data on
Annual Crop Prices. The grain corn price received was in bushels per acre for the
state of Iowa for each marketing year.
Annual Crop Costs (Center for Farm Financial Management, 2019): The Annual
Crop Cost was collected by the Center for Farm Financial Management at the Uni-
versity of Minnesota in the FINBIN database. Survey data were collected annually
from farmers across the Midwest to get farm financial and benchmark information
related to the crop grown.
3.1.5.2 Best Management Practices Inputs
The BMP options considered in the model are No BMP, Cereal Rye Cover Cropping,
Nutrient Management, and Drainage Water Management. For each BMP, the cost
of implementing the BMP, the nitrogen loss reduction percentage, and the technical
difficulty of implementing are provided for the farmers to use when deciding which
practice to implement (Table 3.5). Technical Difficulty can be described as a unit-less
value which encapsulates the required knowledge and work required to implement a
practice. Practice which require minimal new skills is given a low technical value,
while practices which are more labor intensive and complicated are given a higher
value. This value is used when farmers are considering their Interest in Innovation
decision-factor in the decision-making function (discussed further in Section 3.1.6.5).
No BMP: The default option for farmers to consider is to implement No BMP
onto their fields. Under this structure, farmers have no additional costs for the year
36
beyond average annual costs and receive no cost share funding from the Community
Agent. Under No BMP, farmers do not consider risk within their decision-making
function as they are assumed not to be making any changes.
Cereal Rye Cover Cropping: Cover cropping is an effective means of reducing
nitrogen loss as well as improving soil quality (Illinois EPA, 2018). Root structures
from these crops help to retain nitrogen in the fields and reduce nitrate leaching
into tile drainage (Hanrahan et al., 2018). Small grains, including rye, are the most
commonly used cover crops in the Midwest region (Clark, 2007). Rye is also excellent
at scavenging nitrogen, building soil, fighting erosion, and rapid establishment (Clark,
2007). Cereal Rye Cover Cropping is particularly useful because it can fit easily into
conventional crop rotations and can be sowed and terminated in multiple ways (Clark,
2007). The crop can be seeded using drilling or broadcast methods and can be killed
using tillage, mowing, rolling, or spraying (Clark, 2007).
The primary challenge involved with the usage of Cereal Rye Cover Cropping is
tying up nitrogen and moisture in the spring, particularly before corn planting. The
rye should be killed earlier in these circumstances to minimize this issue. However,
this can result in nitrogen leaching and erosion in the spring if heavy rains occur
between killing rye and corn establishment (Clark, 2007). Inclement weather can
also prevent farmers from working in their fields when they want. A late thaw or
heavy spring rains can prevent farmers from accessing their fields for killing their
cover crop and planting their cash crop. This could impact their yields as well as
crop insurance (Clark, 2007).
In the model, Cereal Rye Cover Crop data is based on research by Christianson,
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Tyndall, and Helmers (2013). Cost of implementing the Cereal Rye Cover Crop is
based on the cost of planting and harvesting the cover crop and the anticipated loss
in income from decreased yield. Cost for drilling Cereal Rye Cover Crop and killing
with herbicide in the fall is estimated to cost a minimum of $58.56 per hectare or
$23.71 per acre. Estimated corn yield loss after Cereal Rye Cover Crop is estimated
as a 6.2% yield reduction which is estimated as $115.87 per hectare or $46.91 per acre.
In total, the cost of implementing Cereal Rye Cover Cropping for a year is estimated
at $70.62 per acre. The cost share for implementing Cereal Rye Cover Cropping is
determined to be $53.25 per acre (Christianson et al., 2013). Estimated nutrient loss
reduction is calculated as 23.1% (Christianson et al., 2013). Cover cropping is an
intensive process that requires farmers to learn how to plant and kill an additional
crop and make other complex management decisions. To represent this in the model,
Cereal Rye Cover Cropping was assigned a technical difficulty rating of 8.
Nutrient Management: Another method for farmers to decrease nutrient loss is
through the development of a Nutrient Management Plan. These plans are personally
designed for the farmer by a specialist to modify fertilizer use to maximize crop
uptake and minimize loss (Illinois EPA, 2015). Although in practice plans are specific
to each farm, Christianson et al. (2013) estimates these management plans as a
reduction of fertilizer usage from 168 lbs. per acre to 140 lbs. per acre. This
is calculated to be $3 per acre in reduced fertilizer costs and an estimated 14.5%
reduction in nitrogen runoff (Christianson et al., 2013). Implementing a Nutrient
Management Plan requires farmers to modify their fertilization timing and rates.
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Drainage Water Management: Drainage Water Management is a system in
which water level control devices are installed inline with the tile drainage system.
The structure is comprised of a drainage control box which allows the farmer to raise
and lower the water table in the field. This has the effect of increasing complete
denitrification and reducing runoff (USDA-NRCS, 2013). The process of drainage
control for farm fields involves raising the tile drain depth to reduce outflow when the
field is not in production. This reduces the nutrient runoff during the winter months
while having a minimal impact on the field during the growing season. The manage-
ment required for the system varies based on how frequently the water table needs
to be adjusted. For the fallow season, farmers can raise the outlet once harvesting is
complete and lower it again two weeks before planting (Frankenberger et al., 2017).
Farmers can also raise and lower the system during the growing season to mitigate
water loss during droughts or increase drainage during heavy rains (Frankenberger
et al., 2017).
The cost of these systems is variable and dependent on the tile drainage system,
cost of labor, and slope of the field. Christianson et al. (2013) estimate the estab-
lishment cost of the system for an already built tile drainage system at $208.51 per
hectare or $84.42 per acre. Cost Share available for installing the Drainage Wa-
ter Management system was determined to be $44.98 per acre (Christianson et al.,
2013). Because the process of using the tile drainage system is simple, this practice
was given a technical difficulty of 2 (Section 3.1.6.5).
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Table 3.5: Parameters for Considered Farm Practices. Four BMP options were
considered in the model No BMP, Cereal Rye Cover Cropping (RCC), Nutrient
Management (NM), and Drainage Water Management (DWM). The parameters in
the model are described along with units. The value assigned to each parameter for
each BMP is listed. BAC and FN are from Christianson et al. (2013). T is a
unit-less parameter.
Parameter Description Units No BMP RCC NM DWM
BAC Cost of BMP $/acre 0 70.62 -3 84.42
FN N Reduction % 0 23.1 14.5 40.5
T Technical Difficulty 1 0 8 4 2
Table 3.6: Field Capacity of Equipment. Field Capacity is measured in acres per
hour that farmers are able to complete with the given equipment. Farmers are
assumed to have equipment based on the size of the farm. The field capacity data
was collected from Edwards (2017).
Parameter Description (Unit) Small Medium Large
MS Sprayer (Acres/hr) 16.5 32.1 42.8
MGD Grain Drill(Acres/hr) 5.1 10.2 14.8
3.1.5.3 Field Capacity Inputs
One factor which influences farmers’ consideration of risk involves their ability to
complete the necessary tasks on the farm in the amount of time they have in the
spring and fall. This is partially based on the size of the equipment that the farmers
use. The size of the equipment determines the field capacity, or the number of acres
per hour the farmer can cover. This model includes three sizes of sprayer and grain
drill for implementing Cereal Rye Cover Cropping (Table 3.6). The field capacities
were determined by Edwards (2017) (Further details about how this information is
used can be found in Section 3.1.6.4).
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3.1.6 Sub-models
Each farmer runs theMakeDecision function to select their BMP using the decision-
factors and the farmer’s weights of those factors based on their value system (Table
3.7). The decision-making process for farmers is represented using an objective func-
tion of these weighted parameters (Equation 3.1). The farmer considers each of the
available BMPs and No BMP to determine which is the optimal choice. Once se-
lected, the BMP is implemented for the next year’s crop management plan. How
each parameter is calculated will be described in further detail in the next sections.
Table 3.7: Objective Function Parameters. Each parameter used in the
MakeDecision function (Equation 3.1) is described. The next sections will







α, β, γ, δ, ε Typology weighting factors
D = α ∗ P + β ∗ S + γ ∗ E + δ ∗R + ε ∗ I (3.1)
3.1.6.1 Profit Equation
The projected profit for the farmer is based on the past yield, the price received,
and the cost data along with the expected cost of implementing the potential BMP
(Table 3.8). The expected income is calculated by multiplying the average past
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Yield, YAve, the average past Price per Bushel, PPBAve, and the area of the farm,
L. The expected cost for that year is then subtracted. This is calculated by adding
the average past cost, CAve, and the actual cost of the BMP, Bac, after cost share,
Bcs. This sum is then multiplied by the farmland area, L (Equation 3.2).
Table 3.8: Profit Variables. Variables used in calculating the Profit Factor. Each
parameter listed includes a description with units and the possible range of values.
Parameter Description(Units) Range
YAve Average Past Yield (Bu/Acre) > 0
PPBAve Average Past Price per Bushel ($/Bu) > 0
CAve Average Past Cost ($/Acre) has ≥ 0
Bac Actual cost of BMP ≥ 0
Bcs Cost Share ($/Acre) ≥ 0
L Farmland (Acres) > 0
P = YAve ∗ PPBAve ∗ L− (CAve +Bac −BCS) ∗ L (3.2)
3.1.6.2 Social Equation
The Social Equation (Equation 3.3) relates to the influence of neighboring farms
on farmer decision-making (Table 3.9). As the farmer considers each BMP, they
survey their neighbors within a 5 unit radius on their selected BMPs. The ratio of
neighbors using the BMP to the total number of neighbors is used to represent the







Table 3.9: Social Variables. Variables used in calculating the Social Factor. Each
parameter listed includes a description with units and the possible range of values.
Parameter Description Range
Ni Neighbor BMP 0-1
NT Total Neighbors > 0
3.1.6.3 Environmental Equation
The Environmental Equation (Equation 3.4) aims to quantify how farmers value
their management practices from an environmental standpoint (Table 3.10). This
is done by having farmers consider the value they place on reducing nutrient loss
from their fields. In this case, they are using the nitrogen loss percentage found by
Christianson et al.(2013) multiplied by the farmland area, L (Table 3.5).
E = FN ∗ L (3.4)
Table 3.10: Environmental Variables. Variables used in calculating the
Environmental Factor. Each parameter listed includes a description with units and
the possible range of values.
Parameter Description(Units) Range
FN Estimated nutrient release reduction(%) 0-100
L Farmland Area (Acres) 0-10000
3.1.6.4 Risk Equation
Risk is a major factor in farmer decision-making. Because the Risk Equation (Equa-
tion 3.5) is aimed at representing farmers considering implementing a new BMP, this
factor is not used when the farmer is not considering implementing No BMP. This
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model represents risk through two means: a year-over-year income variability factor,
RY oY , and a practice implementation factor, RP .
R = RY oY +RP (3.5)
The general variability for farmer income RY oY (Equation 3.6) is based on the
year-over-year variability in the farmer’s income where PI−1 is the income from the
previous year and, PI−2 is the income from two years previous. This value is then





Table 3.11: Risk Variables. Variables used in calculating the Risk Factor. Each
parameter listed includes a description with units and the possible range of values.
Parameter Description(Units) Range
PI−1 Income from the past year -∞/+∞
PI−2 Income from two years past -∞/+∞
L Farmland Area 0-10,000
The implementation of certain BMPs creates an additional level of risk for the
farmer agent. These practices require additional work, which can be challenging to
modify and can have a significant negative impact on a farmer’s ability to perform
the tasks necessary for a successful cash crop. The example used in this model is
Cereal Rye Cover Cropping, which requires additional work in the fall and spring
to plant and terminate the crop. This additional work can impact the planting and
harvesting of the cash crop if the weather prevents the farmer from accessing the field
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at the correct times. To account for this, an additional risk factor RP (Equation 3.7)
was created to represent the likelihood of the farmer to be able to complete the





To calculate this factor, working day probability data was used from the years
1990 to 2018 (Appendix A.3) (E. Schleusener, personal communication, June 14,
2019). This data provides the number of days each week fields were suitable to work
in the state of Illinois. The farmers were assumed to need to complete all of their
spring tasks from weeks 16 to 23 and weeks 38 to 47 for their fall tasks (USDA-
NASS, 2010). This results in 28.8 average available days to work in the spring with
a standard deviation of 7.7 days and 47.7 days with a standard deviation of 7 days in
the fall. Estimating a farmer works 12 hours per day results in 345.6 average spring
work hours and 572.9 fall work hours. This data was used by farmers to estimate
how many hours farmer agents anticipated they would have to complete their work.
To ensure that under most circumstances farmers would have sufficient work time,
farmer agents use an estimation of the average time minus one standard deviation
available for fieldwork. This results in farmers anticipating they would have 253.2
work hours in the spring and 488.8 hours in the fall. Based on machinery sizing
recommendations by the Iowa Extension Office, farmers should aim to complete all
of their work for the season within 20-25 days (Edwards, 2017). To simplify the
model, farmers were assumed to have the machinery field capacity to complete all
of their tasks in 20 days or 240 hours. This means that farmers estimate having
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approximately 13.2 hours in the spring and 248.8 hours in the fall for additional
work.
The additional tasks required to complete Cereal Rye Cover Cropping are grain
drill planting in the fall and spraying of herbicide in the spring per Christianson et
al. (2013). To estimate the field capacity for the farmers for a grain drill and sprayer,
farmers were divided into three groups based on farmland area. Each group was then
assigned machinery with a given field capacity to estimate how long that activity will
take to complete (Edwards, 2017). Farmers with a farmland area of less than 500
acres were designated as small, 500-2000 acres were medium, and greater than 2000














The Innovation Factor relates to the new information to learn and the technical
difficulty for the Farmer Agent to successfully implement the BMP (Table 3.12).
Implementing No BMP means that the farmer is not required to learn any new skills
or change behavior. Drainage Water Management has a limited amount of work
required to implement the practice. Nutrient Management is largely about behavior
change regarding spreading fertilizer onto the field. Because of this, the Innovation
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Factor is higher than for Drainage Water Management. Cereal Rye Cover Cropping
is the most intensive BMP in both new skills to learn and implement. Therefore it
received the highest technical difficulty.
I = TDi ∗ L (3.10)
Table 3.12: Innovation Variables. Variables used in calculating the Innovation
Factor. Each parameter listed includes a description with units and the possible
range of values.
Parameter Description(Units) Value
TDDWM Implementing a Drainage Water Management System 2
TDNM Implementing a Nutrient Management System 4
TDRCC Implementing Cereal Rye Cover Cropping 8
3.2 Model Validation
To test whether the model is behaving similarly to real-world examples, a validation
was completed to compare data from a watershed survey with results from the cur-
rent model. The selected watershed was the Floyd River Watershed in northeastern
Iowa. This watershed was chosen for several reasons. First, the Floyd River Water-
shed was designated a priority watershed by the Iowa Nutrient Reduction Strategy
(Iowa Nutrient Reduction Strategy, 2019). The west branch of the Floyd River Wa-
tershed is currently receiving a project grant to enact the West Branch of the Floyd
River Water Quality Initiative (Iowa Department of Agriculture & Land Steward-
ship, 2019). The goal of the project is to increase BMP adoption to reduce nutrient
loss related to agriculture production (Sioux County Soil and Water Conservation
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District, 2019). This is being done through educational outreach and financial incen-
tives (Iowa Department of Agriculture & Land Stewardship, 2019; Sioux County Soil
and Water Conservation District, 2019). Implementers of projects such as this are
the ideal end-user for NitroShed because the model can help identify which practices
would likely be adopted and what potential incentives could be used.
The second reason this watershed was selected is because the Floyd River Wa-
tershed is located within the Missouri-Little Sioux Watershed. A survey across the
watershed provides a comprehensive amount of data related to adoption rates of
BMPs and farmer opinions on BMPs and water quality (Nowatzke & Arbuckle,
2018). This data can be used to compare the NitroShed model with a real-world
sample of Midwestern farmers within a watershed. The results of the survey are not
specific to the Floyd River Watershed but are assumed to be representative of the
beliefs and practices occurring in the region.
Farmers who answered the survey were given a list of 17 management practices.
They were asked to respond whether they used that practice in 2014, if they had
not used that practice but might in the future, or if they did not use the practice
and were not interested in using the practice in the future (Figre 3.13). The prac-
tices that were used to compare to the NitroShed model were Maximum Return to
Nitrogen (MRTN) calculator, Cover Crop, and Bioreactor. The MRTN calculator is
a tool provided by the Iowa State University Agronomy and Extension Office, which
provides farmers with a recommended nitrogen application rate for the greatest net
return (Sawyer et al., 2006). This was selected to be compared to Nutrient Manage-
ment in the NitroShed model. Cover cropping encapsulated all cover crop types and
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Figure 3.10: Results of Farmer Adoption of Select BMP Practices. The BMP
adoption rates was taken from Nowatzke and Arbuckle (2018). Farmers were
surveyed regarding their adoption practices in 2014. Farmers selected that they
used the practice in 2014, did not use the practice but would consider doing so in
the future, or did not use the practice and were uninterested.
was compared to Cereal Rye Cover Cropping in the model. The final selection was a
Bioreactor, which is a structure filled with wood chips that connects to the end of a
drainage pipe and denitrifies outflow (Christianson & Helmers, 2011). While differ-
ent from a Drainage Water Management system, both are infrastructures installed
to reduce nutrient loss from drainage tile and are assumed to be similar regarding
factors farmers consider when making decisions.
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3.2.1 Input Data
Similar to the description located in Section 3.1.5, the model includes data on eco-
nomic inputs (Appendix A.1), BMP inputs (Table 3.13), and Field Capacity Inputs
(Table 3.6).
Table 3.13: Parameters for Considered Farm Practices. Each parameter listed is
described with the corresponding units for the considered BMPs. The BMPs in the
model were No BMP, Cereal Rye Cover Cropping (RCC), Nutrient Management
(NM), and Drainage Water Management (DWM). The values in the model are
based on data from Christianson et al. (2013).
Parameter Units No BMP RCC NM DWM
BAC $/acre 0 70.62 -3 84.42
FN % 0 23.1 14.5 40.5
BCS $/acre 0 -53.26 0 44.98
Average yield and price were gathered from the USDA National Agricultural Statis-
tics Service for the state of Iowa (USDA-NASS, 2019c, 2019b). The production costs
and BMP input data are the same as discussed in Section 3.1.5.
3.2.2 Parameters
Input parameters for the model were selected to represent Floyd River Watershed
in the model (Table 3.14). The model was run from 1994 to 2014 for 20 iterations.
The area for the model was designed to represent Sioux County, where the west
branch of the Floyd River Watershed is located. Sioux County is 768.33 square
miles or 491,731.22 acres (U.S. Census Bureau, 2018). 453,455 acres of the land were
identified to be cropland (USDA-NASS, 2019d). This means that 92% of the land
within Sioux County was designated as cropland. To replicate this for the validation,
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the farmer population density was set at .9 farmers per unit. In order to create a
large enough sample size, 400 farmers were used to test the model. To create a
density of .909 farmers per unit, the width was set at 20 units and length was set at
22 units, this results in an area of 440 units, which is a farmer density of 90.9%.
Composition of farmer typologies was determined based on the identified ratios in
past studies (Table 3.15). Analysis of these ratios was done to create the ratios for
farmers in the validation.
Table 3.14: User-Selected Input Variables. Parameters used in the validation study
of Floyd River Watershed in Northeastern Iowa. The parameters are each described
with units and the value used for that parameter within the model. Unit-less values
are denoted with a "1".
Parameter Description(Units) Value
Height Height of the Environmental Grid (1) 22
Width Width of Environmental Grid (1) 20
Sim_Years Number of Years the Model is Run (years) 21
B_Type Number of Business Farmers (farmers) 160
C_Type Number of Conventional Farmers (farmers) 100
E_Type Number of Environmentalist Farmers (farmers) 40
I_Type Number of Innovative Farmers (farmers) 60
S_Type Number of Supplemental Farmers (farmers) 40
3.2.3 Results
The results from the NitroShed model show that overall, the farmers adopt the
possible BMPs at rates similar to the survey results (Figures 3.11 and 3.12, Table
3.16). Each farmer typology shows unique trends resulting in varied adoption rates.
Business type farmers select either No BMP or Nutrient Management, with a slight
preference for No BMP. This is likely the result of the business type farmers placing
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Table 3.15: Typology Ratios Used in the Validation. The typology ratios used were
based on past typologies cited in the table. Three studies contained typology
ratios. By comparing the values from each of the studies, ratios for the validation
study were determined.













35 33 na 22 10 na
Case Study 40 25 10 10 15 0
a high value on profit and a low tolerance for risk. Conventional type farmers almost
exclusively implement No BMP, which relates to their aversion to implementing new
practices. Environmental type farmers show a preference for implementing Cereal
Rye Cover Cropping, with some farmers selecting Drainage Water Management and
a few selecting Nutrient Management. This is likely the result of this type of farmer
having a strong preference for practices which have a higher nutrient loss reduction
but can be limited by economic factors. Innovator farmers also select Cereal Rye
Cover Cropping at a significant rate, with more preferring Nutrient Management.
Innovator farmers are modeled to have a high priority for both innovation and eco-
nomic benefit, resulting in these practices being selected. Supplemental farmers show
the most variation of all of the types of farmers, selecting Nutrient Management, No
BMP, and Drainage Water Management, respectively, with the occasional farmer
selecting Cereal Rye Cover Cropping. This is due to this type of farmer having
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the most variability in decision-making due to the farmer having a lower economic
pressure.
Overall the Nitroshed model accurately models the decision-making of farmers in
the Missouri Little-Sioux Watershed. The model also provides information that can
be useful for non-farmer stakeholders to better understand how farmers select BMPs.
The next section will test the model behavior by modifying parameters to see how
the general farmer population and individual typologies change adoption rates under
various scenarios.
Table 3.16: Adoption Rate Results from Model Validation. Survey Results of
farmers in Little-Sioux Watershed, and output adoption rates from the NitroShed
Model after 100 iterations. The mean, median, and standard deviation are provided













Survey Results 1 30 N/A 15
Model Median 1.5 33 51.25 14.25
Model Mean 1.45 32.77 51.35 14.43
Model Standard
Deviation 0.58 3.90 2.88 1.60
3.3 Case Studies
Two case studies were performed to test the behavior of the model. The first study
examined the impact of farmer typology on adoption rates. The ratio of one type of
farmer was adjusted relative to the other types so that changes in adoption behavior
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Figure 3.11: Results of Validation Study. Adoption Rate in percent for all of the
farmers of the considered BMPs after 100 iterations. The BMPs included in the
model were Drainage Water Management (DWM), Nutrient Management (NM),
No BMP, and Cereal Rye Cover Cropping (RCC).
could be observed (Table 3.15). The second study varied financial incentives to
encourage farmers to implement BMPs. These tests provide a better understanding
of what factors can most heavily influence farmer behavior at or near the current
baseline. The following sections will describe the results of the tests performed and
discuss the outputs from the model.
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Figure 3.12: BMP Adoption Rates Based on Typology. Adoption Rate in percent
of the farmers separated by type for the considered BMPs after 100 iterations.
Typologies of the farmers were Business, Conventional, Environmental, Innovator,
and Supplemental. The BMPs included in the model were Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC).
3.3.1 Effect of Typology Changes on Adoption Rates
Farmer typology was a vital component in the development of the NitroShed Model
(Section 2.2). Testing how typology ratios influenced adoption rates was valuable
for analyzing the sensitivity of the model to this factor. Modifying typologies could
also be a useful method of testing potential future proportions of farm typologies
and resulting adoption rates.
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To test this component of the model, one of the typology ratios was increased while
keeping the other typologies scaled relative to each other. This was based on the
ratios used by farmers in the baseline study (Table 3.17). The model included a total
of 400 farmers in a grid space of 20 by 22 units to create a farmer population density
of .909 farmers per grid unit. The farmer ratio for the variable typology increased
by 10% at each step with 100 iterations per step (Tables 3.18 through 3.22).
Table 3.17: Baseline Ratios for Farmer Typologies. The ratios of the farmer
typologies in the validation study are used as the baseline for testing how adoption











40 25 10 10 15
Table 3.18: Business Type Farmer Ratio Variation. Typology Ratios when
Business type farmer proportion is change from 10% to 90% at steps of 10%. All















10 38 15 22 15 100
20 33 13 20 13 99
30 29 12 18 12 101
40 25 10 15 10 100
50 21 8 12 8 99
60 17 7 10 7 101
70 13 5 8 5 101
80 8 3 5 3 99
90 4 2 2 2 100
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Table 3.19: Conventional Type Farmer Ratio Variation. Typology Ratios when
Business type farmer proportion is change from 10% to 90% at steps of 10%. All















48 10 12 18 12 100
43 20 11 16 11 101
37 30 9 14 9 99
32 40 8 12 8 100
27 50 7 10 7 101
21 60 5 8 5 99
16 70 4 6 4 100
11 80 3 4 3 101
5 90 1 2 1 99
Table 3.20: Environmental Type Farmer Ratio Variation. Typology Ratios when
Environmental type farmer proportion is change from 10% to 90% at steps of 10%.















40 25 10 15 10 100
36 22 20 13 9 100
31 19 30 12 8 100
27 17 40 10 7 101
22 14 50 8 6 100
18 11 60 7 4 100
13 8 70 5 3 99
9 6 80 3 2 100
4 3 90 2 1 100
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Table 3.21: Innovator Type Farmer Ratio Variation. Typology Ratios when
Innovator type farmer proportion is change from 10% to 90% at steps of 10%. All















42 26 11 10 11 100
38 24 9 20 9 100
33 21 8 30 8 100
28 18 7 40 7 100
24 15 6 50 6 101
19 12 5 60 5 101
14 9 4 70 4 101
9 6 2 80 2 99
5 3 1 90 1 100
Table 3.22: Supplemental Type Farmer Ratio Variation. Typology Ratios when
Supplemental type farmer proportion is change from 10% to 90% at steps of 10%.















40 25 10 15 10 100
36 22 20 13 9 100
31 19 30 12 8 100
27 17 40 10 7 101
22 14 50 8 6 100
18 11 60 7 4 100
13 8 70 5 3 99
9 6 80 3 2 100
4 3 90 2 1 100
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3.3.2 Effect of Financial Incentives on Adoption Rates
The second test of the model varied the financial incentives and fines that the Com-
munity agent enacted to encourage the adoption of BMPs. Each test in the model
used the same baseline scenario from the validation in Chapter 3.2. The 400 farm-
ers were placed on a 20 by 22 unit grid resulting in a farmer population density of
.909 farmers per unit. This test was done using a cost share provided to farmers to
implement Cereal Rye Cover Cropping and Drainage Water Management, a net cost
or savings for implementing Nutrient Management, and a fine for not implementing
any BMP.
3.3.2.1 Cost Share for Cereal Rye Cover Cropping
Cost share for implementing Cereal Rye Cover Cropping is used to offset the costs
of growing and terminating the off-season crop. In Christianson et al. (2013), the
cost of implementing Cereal Rye Cover Cropping before corn was determined to be
$70.62 per acre, which incorporates the establishment cost and expected yield loss
due to the use of cover cropping. The cost share for adopting Cereal Rye Cover
Cropping was determined to be $53.26 per acre. The model was tested by varying
the amount of cost share provided to farmers from $20 to $140 per acre, with step
increases of $10 per acre and 100 iterations per step (Figures 4.11 and 4.12).
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3.3.2.2 Cost Share for Drainage Water Management
Drainage Water Management is a practice in which structures are placed within the
tile drainage system to control the water level in agricultural fields (USDA-NRCS,
2013). This system is primarily a capital investment with minimal maintenance
costs. The cost shares are currently available through EQIP is designated to pay
for a portion of the structural costs of building the drainage control structures. The
estimated minimum cost for implementing a Drainage Water Management system
is $84.42 per acre (Christianson et al., 2013). The cost share was estimated to be
$44.98 per acre. The model was tested by varying the level of cost share from $0
to $80 per acre at $10 per acre steps with 20 iterations per step (Figures 4.13 and
4.14).
3.3.2.3 Financial Benefit or Cost for Implementing Nutrient Management
Nutrient Management is different from the other BMPs considered in this study be-
cause the management practice itself saves money. Nutrient Management involves
the farmer working with a specialist to develop a fertilizer plan for optimizing nutri-
ent application. This plan is estimated to save farmers $3 per acre due to reduced
fertilizer usage (Christianson et al., 2013). To test adoption rates, the Nutrient Man-
agement financial benefit varied from $5 in cost to $10 in savings per acre (Figures
4.15 and 4.16).
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3.3.2.4 Fines for not Implementing a Best Management Practice
The final test of financial incentives for farmers involved the application of a fine on
farmers who chose not to implement a BMP. The range of fines applied to farmers
was $0 to $10 per acre, increasing by $1 per acre. The model ran for 100 iterations
at each step.
3.4 Conclusion
This section provided a detailed description of how the NitroShed model was created
and validated. Two case studies were then discussed to test the model outputs. The
next section will provide the results from those case studies and a discussion of the




The NitroShed model was designed to study farmer decision-making regarding the
adoption of best management practices (BMPs). This was accomplished by creating
an agent-based model to represent the complex factors and value systems farmers
used when making farm management choices. The model contained five typologies
of farmers: Business, Conventional, Environmental, Innovator, and Supplemental
(Section 2.2). Each group had unique value systems to select a BMP. Farmers then
considered five factors when making their decisions. These factors were Economic,
Social, Environmental, Risk Aversion, and Interest in Innovation (Section 2.3.1).
Farmers weighed these factors in an optimization function for each of the BMPs to
determine which best fit their value system. The considered BMPs were No BMP, Ce-
real Rye Cover Cropping, Nutrient Management, and Drainage Water Management
(Section 3.1.5.2). The next sections will provide the outputs from the completed
tests from the NitroShed model and a discussion of the results.
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4.1 Results of Typology Changes on Adoption Rates
The first case study performed involved changing the ratio of the typologies from
the original values used in the validation (See Table 3.17). During the test, the ratio
of one typology was changed relative to the other typologies at sets of 10% and 100
iterations per step. The other parameters in the model were maintained to those
found within Section 3.2.
Figure 4.1: Results of Varying Percentage Business Farmers. Farmers’ in the study
considered four possible BMPs: Drainage Water Management (DWM), Nutrient
Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC). The ratio of
farmers of Business type was varied from 10% to 90% while the remaining
typologies remained proportional. The horizontal line represents the baseline
proportion of farmers who were of Business type.
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Figure 4.2: Results by Type of Varying Business Farmers. Farmers’ in the study
considered four possible BMPs: Drainage Water Management (DWM), Nutrient
Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC). The ratio of
farmers of Business type was varied from 10% to 90% while the remaining
typologies remained proportional. The horizontal line represents the baseline
proportion of farmers who were of Business type. The graphs are separated with
the first showing the adoption rate of all of the farmers followed by adoption rates
of the different types of farmers.
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Figure 4.3: Results of Varying Percentage Conventional Farmers. Farmers’ in the
study considered four possible BMPs: Drainage Water Management (DWM),
Nutrient Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC).
The ratio of farmers of Conventional type was varied from 10% to 90% while the
remaining typologies remained proportional. The horizontal line represents the
baseline proportion of farmers who were of Conventional type.
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Figure 4.4: Results by Type of Varying Conventional Farmers. Farmers’ in the
study considered four possible BMPs: Drainage Water Management (DWM),
Nutrient Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC).
The ratio of farmers of Conventional type was varied from 10% to 90% while the
remaining typologies remained proportional. The horizontal line represents the
baseline proportion of farmers who were of Conventional type. The graphs are
separated with the first showing the adoption rate of all of the farmers followed by
adoption rates of the different types of farmers.
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Figure 4.5: Results of varying percentage of farmers that are of Environmental
type. Farmers’ in the study considered four possible BMPs: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The ratio of farmers of Environmental type was varied from
10% to 90% while the remaining typologies remained proportional. The horizontal
line represents the baseline proportion of farmers who were of Environmental type.
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Figure 4.6: Results by Type of Varying Environmental Farmers. Farmers’ in the
study considered four possible BMPs: Drainage Water Management (DWM),
Nutrient Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC).
The ratio of farmers of Environmental type was varied from 10% to 90% while the
remaining typologies remained proportional. The horizontal line represents the
baseline proportion of farmers who were of Environmental type. The graphs are
separated with the first showing the adoption rate of all of the farmers followed by
adoption rates of the different types of farmers.
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Figure 4.7: Results of varying percentage of farmers that are of Innovator type.
Farmers’ in the study considered four possible typologies: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The ratio of farmers of Innovator type was varied from
10% to 90% while the remaining typologies remained proportional. The horizontal
line represents the baseline proportion of farmers who were of Innovator type.
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Figure 4.8: Results by Type of Varying Innovator Farmers. Farmers’ in the study
considered four possible BMPs: Drainage Water Management (DWM), Nutrient
Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC). The ratio of
farmers of Innovator type was varied from 10% to 90% while the remaining
typologies remained proportional. The horizontal line represents the baseline
proportion of farmers who were of Innovator type. The graphs are separated with
the first showing the adoption rate of all of the farmers followed by adoption rates
of the different types of farmers.
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Figure 4.9: Results of varying percentage of farmers that are of Supplemental type.
Farmers’ in the study considered four possible BMPs: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The ratio of farmers of Supplemental type was varied from
10% to 90% while the remaining typologies remained proportional. The horizontal
line represents the baseline proportion of farmers who were of Supplemental type.
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Figure 4.10: Results by Type of Varying Supplemental Farmers. Farmers’ in the
study considered four possible BMPs: Drainage Water Management (DWM),
Nutrient Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC).
The ratio of farmers of Supplemental type was varied from 10% to 90% while the
remaining typologies remained proportional. The horizontal line represents the
baseline proportion of farmers who were of Supplemental type. The graphs are
separated with the first showing the adoption rate of all of the farmers followed by
adoption rates of the different types of farmers.
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4.2 Results of Financial Incentives on Adoption Rates
The second case study tested the influence of financial incentives. This differed for
each of the BMPs. For Cereal Rye Cover Cropping and Drainage Water Management,
cost share was for implementing the practice was available, and changed at steps of
$10 per acre. The financial benefit for Nutrient Management is due to the cost savings
from reduced fertilizer use. To test this practice, the rate for Nutrient Management
ranged from in a cost to the farmer of $5 to a savings of $10 per acre with steps of
$1 per acre. For each test, 100 iterations were run at each step.
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Figure 4.11: Results of Varying Cost Share for Cereal Rye Cover Crop. Farmers’ in
the study considered four possible BMPs: Drainage Water Management (DWM),
Nutrient Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC).
The amount of cost share provided to the farmers for Cereal Rye Cover Cropping
was varied from $20 per acre to $110 per acre. The horizontal line indicates the
current cost share provided to farmers.
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Figure 4.12: Results by Type of Varying Cost Share for Cereal Rye Cover Crop.
Farmers’ in the study considered four possible BMPs: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The amount of cost share provided to the farmers was
varied from $20 per acre to $110 per acre. The horizontal line indicates the current
cost share provided to farmers. The first graph shows all of the farmers and the
following graphs show adoption results separated by type.
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Figure 4.13: Results of Varying Cost Share for Drainage Water Management.
Farmers’ in the study considered four possible BMPs: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The amount of cost share provided to the farmers for
Drainage Water Management was varied from $0 per acre to $90 per acre. The
horizontal line indicates the current cost share provided to farmers.
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Figure 4.14: Results by Type of Varying Cost Share for Drainage Water
Management. Farmers’ in the study considered four possible BMPs: Drainage
Water Management (DWM), Nutrient Management (NM), No BMP, and Cereal
Rye Cover Cropping (RCC). The amount of cost share provided to the farmers for
Drainage Water Management was varied from $0 per acre to $90 per acre. The
horizontal line indicates the current cost share provided to farmers. The first graph
shows all of the farmers and the following graphs show adoption results separated
by type.
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Figure 4.15: Results of Varying Cost Savings for Nutrient Management. Farmers’
in the study considered four possible BMPs: Drainage Water Management (DWM),
Nutrient Management (NM), No BMP, and Cereal Rye Cover Cropping (RCC).
The amount of cost savings for farmers implementing Nutrient Management was
varied from -$5 per acre to $9 per acre. The horizontal line indicates the current
cost savings for farmers.
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Figure 4.16: Results by Type of Varying Cost Savings for Nutrient Management.
Farmers’ in the study considered four possible BMPs: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The amount of cost savings for farmers implementing
Nutrient Management was varied from -$5 per acre to $9 per acre. The horizontal
line indicates the current cost savings for farmers. The first graph shows all of the
farmers and the following graphs show adoption results separated by type.
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Figure 4.17: Results of Implementing a Fine for No BMP Implementation.
Farmers’ in the study considered four possible BMPs: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The amount fine imposed on farmers for implementing No
BMP was varied from $0 per acre to $10 per acre. The horizontal line indicates the
current cost savings for farmers.
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Figure 4.18: Results by Type of Implementing a Fine for No BMP Implementation.
Farmers’ in the study considered four possible BMPs: Drainage Water
Management (DWM), Nutrient Management (NM), No BMP, and Cereal Rye
Cover Cropping (RCC). The amount fine imposed on farmers for implementing No
BMP was varied from $0 per acre to $10 per acre. The horizontal line indicates the
current cost savings for farmers. The first graph shows all of the farmers and the
following graphs show adoption results separated by type.
4.3 Discussion of Typology Changes on Adoption Rates
Modifying farmer typology had a definite impact on the adoption rates of BMPs in
all of the test cases. Understanding this influence is vital for the success of the model
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as a tool for non-farmer stakeholders. This is because demographics in regions may
be different from the farmer typology ratios used in the baseline study in Chapter
3.2. Additionally, the use of changing ratios could be utilized to study how future
typology ratios could impact adoption rates.
4.3.1 Business Type
In the baseline study, Business type farmers tended to select either No BMP adoption
or Nutrient Management with the majority not implementing a BMP (Figure 3.12).
The primary reason was economic and risk factors heavily influenced Business type
farmers decision-making. Depending on the weighting of these factors, farmers would
weigh if the cost savings of implementing a Nutrient Management strategy was worth
the risk of reducing nutrients available for the crops, which may have reduced yield.
As the number of Business type farmer increased, the adoption rate of Nutrient
Management also increased (Figures 4.1 and 4.2). This was because as the number
of Business farmers increased, the second-largest type of farmers, Conventional type,
decreased. Conventional type farmers strongly oppose adopting new practices, so as
the percentage of these farmers decreased, so did their social influence. This influence
could result in other farmers switching from implementing No BMP to implementing
Nutrient Management.
4.3.2 Conventional Type
The results of testing the ratio of Conventional Farmers show that as the ratio of
Conventional type farmers increased, the number of farmers adopting No BMP in-
82
creased (Figures 4.3 and 4.4). Similar to the validation results (Figures 3.11 and
3.12), Conventional farmers did not select any management practices. The results
from this test show the results for the individual typology adoption rates changed
as the ratio of Conventional farmers increased (Figure 4.4). As the number of Con-
ventional farmers increased, the social influence to implement No BMP increased,
encouraging the Business and Supplemental farmers to choose to adopt No BMP at
a higher rate. For Environmental and Innovator type farmers, who were more mo-
tivated to implement a BMP, decreased adoption of Nutrient Management lowered
the social influence for that practice, which made Cereal Rye Cover Cropping a more
favorable option.
4.3.3 Environmental Type
When the Environmental type ratio increased adoption rates showed changes both in
general behavior and by farmer type (Figures 4.5 and 4.6). Cereal Rye Cover Crop-
ping selection rose, Drainage Water Management slightly increased, No BMP adop-
tion decreased, and Nutrient Management adoption rose, peaked, then decreased.
This behavior could be due to the changing social pressure of increased Environ-
mental type farmer adoption who predominantly adopted Cereal Rye Cover Crop-
ping, with some adopting Drainage Water Management and Nutrient Management.
This increase of farmers selecting a BMP reduced the social pressure on Business
and Supplemental type farmers to choose No BMP, increasing adoption of Nutrient
Management. As the ratio of Environmental type farmers increased, the number of
farmers who were not Environmental type decreased, resulting in the total number of
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farmers adopting Nutrient Management also to decrease. The leveling off of Business
and Supplemental type farmers adopting Nutrient Management, with the rest imple-
menting No BMP, could be explained by the risks, costs, and technical difficulty of
implementing Cereal Rye Cover Cropping outweighing the social influence of more
farmers implementing this BMP.
4.3.4 Innovator Type
Modifying the ratio of Innovator type farmers produced similar results to Environ-
mental farmers, likely because both types were inclined to adopt Cereal Rye Cover
Cropping (Figures 4.7 and 4.8). As Innovator farmers increased, so did the total
number of farmers implementing Cereal Rye Cover Cropping and Nutrient Man-
agement. For Innovator farmers, rising adoption of Cereal Rye Cover Cropping
created a feedback loop in which farmers who may have selected Nutrient Manage-
ment now choosing Cereal Rye Cover Cropping because more of their neighbors were
implementing the practice. This resulted in fewer farmers implementing Nutrient
Management due to decreased social influence.
4.3.5 Supplemental Type
Supplemental type farmers in the validation showed a strong preference for Nutrient
Management(Figure 3.12). As the number of Supplemental type farmers increased,
the social influence for adopting Nutrient Management also increased, with nearly
100% of Supplemental and Business type farmers implementing this practice (Figures
4.9 and 4.10). The social influence became strong enough that even Conventional
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type farmers, who were the most resistant to adoption, began to adopt Nutrient
Management. Environmental and Innovator type farmers also increased adoption of
Nutrient Management.
4.4 Discussion of Financial Incentives on Adoption Rates
4.4.1 Variable Cost Share for Cereal Rye Cover Cropping
Increasing the cost share available for farmers resulted in varied responses by the
types of farmers (Figures 4.11 and 4.12). The majority of Business type farmers
adopted Nutrient Management with the rest selecting No BMP. This trend continued
to $50 per acre, where the number of farmers implementing No BMP began to rise.
As farmers of other typologies began to adopt Cereal Rye Cover Cropping, reduced
social influence on Business type farmers to adopt Nutrient Management resulted
in a preference for No BMP. This trend continued until $70 per acre when farmers
began to adopt Cereal Rye Cover Cropping, and fewer farmers chose to implement
No BMP. At $90 per acre, Business type farmers reached nearly 100% adoption of
Cereal Rye Cover Cropping.
Conventional farmers consistently showed a preference for No BMP until $80 acre,
when the adoption rate of Cereal Rye Cover Cropping began to increase. At this
point, increased financial incentive and social influence to adopt Cereal Rye Cover
Cropping overcame the aversion to implement the BMP. The adoption rate continued
to increase after this, eventually reaching near 100% at $110 per acre.
Environmental type farmers were already inclined to select Cereal Rye Cover Crop-
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ping in the Case Study. In this test, Environmental farmers had an extreme change
in adoption rate when cost share increased from $50 per acre to $60 per acre (Fig-
ure 4.12). The baseline cost share was $53.26 per acre (Christianson et al., 2013),
indicating that the current cost share is at the tipping point for Environmental type
farmers to adopt. Before this point, Environmental farmers formed two groups, the
first being Environmental farmers who were more economically inclined and second
being a group that was more environmentally inclined. The economically inclined
group selected Nutrient Management, which had a cost-saving but lower nutrient
loss reduction. The second group selected Drainage Water Management, which had
a more significant nitrogen reduction, but cost more to implement. Once the cost
share for Cereal Rye Cover Cropping crossed the trade-off point between $50 and
$60, both groups of farmers selected Cereal Rye Cover Cropping as their adoption
choice.
Innovator farmers were the first to begin implementing Cereal Rye Cover Cropping,
doing so at $40 per acre. By $60 per acre, these farmers had reached nearly 100%
adoption. This early adoption was likely because the Innovator type gave a positive
weight to Technical Difficulty, which increased their interest in implementing Cereal
Rye Cover Cropping even when it was not as financially beneficial.
Supplemental type farmers showed several factors that influenced the adoption of
various BMPs as cost share increased. At a low cost share, Supplemental farmers
largely adopted Nutrient Management. As the cost share for Cereal Rye Cover
Cropping reached the current baseline, the number of farmers implementing Nutrient
Management decreased and the number that implemented No BMP increased. This
86
was caused by changing social influence as farmers of other typologies began to shift
from Nutrient Management to Cereal Rye Cover Cropping, behaving similarly to the
Business type farmers. The decreased social influence resulted in a spike in No BMP
until the cost share reached $70 per acre when farmers began to implement Cereal
Rye Cover Cropping rapidly.
4.4.2 Variable Cost Share for Drainage Water Management
In the Case study, Drainage Water Management adoption was low at approximately
1%, due in part to the substantial capital cost to install the drainage infrastructure
(Figure 3.10). Business type farmers were the last to begin implementing the practice,
with the adoption rate changing from 0% to 100% between $70 and $80 per acre. At
this point, the cost of implementing the system for the farmer decreased to between
$14.42 and $4.42 per acre, respectively (Figures 4.13 and 4.14).
Conventional farmers began to implement Drainage Water Management sooner
than their Business counterparts at $60 per acre. These farmers tend to place a
higher weight on social factors and a lower weight on economic factors. The result
of this is the social influence of increased adoption by other types of farmers has a
stronger impact on Conventional decision-making.
Environmental type farmers were the first to begin adopting Drainage Water Man-
agement at $40 per acre, due to the high rate of nitrogen loss reduction. Farmers
of this type who had previously adopted Cereal Rye Cover Cropping were the first
to switch to Drainage Water Management. Both of these BMPs came at a cost to
farmers, so there was likely less of a trade-off between adopting Cereal Rye Cover
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Cropping and Drainage Water Management.
Innovator type farmers had behavior similar to Environmental type farmers but
began to adopt Drainage Water Management at $60 per acre. Farmers reached
near 100% adoption at $90 per acre. One reason for this later adoption was that
Innovator farmers had a high interest in implementing practices that were more
technically difficult. Because Drainage Water Management required minimal new
skills to implement, this practice may have been less enticing to Innovator type
farmers until higher economic incentives were available.
Supplemental farmers began to adopt at $40 per acre, similar to the Environmental
farmers, but took longer to reach 100% adoption, doing so at $90 per acre. Initially,
farmers who had implemented Nutrient Management were the individuals switching
to Drainage Water Management. Supplemental Farmers who were implementing No
BMP did not implement until reaching the $70 to $80 per acre range, where they
rapidly switched to adopting Drainage Water Management. These farmers behaved
similarly to a large number of the Business type farmers, who chose not to adopt
a BMP until the cost of implementing Drainage Water Management was between
$14.42 and $4.42 per acre.
4.4.3 Variable Cost or Savings for Nutrient Management
While no cost share was available for adopting Nutrient Management, implementing
the BMP resulted in cost savings due to reduced fertilizer application. The amount
of savings was estimated to be $3 per acre. To test the price sensitivity for the
farmers, the model varied cost savings for Nutrient Management from losing $5 per
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acre to saving $9 per acre (Figures 4.15 and 4.16).
The model found that the majority of farmers began implementing Nutrient Man-
agement when farmers saved $4 per acre, one dollar more than the current esti-
mated savings for implementation. Before this threshold, the majority of farmers
implemented No BMP, with between 15% and 30% implementing Cereal Rye Cover
Cropping and a small number implementing Drainage Water Management.
Business type farmers implemented No BMP at a 100% rate when Nutrient Man-
agement resulted in a cost per acre. Once Nutrient Management began to provide a
cost savings of greater than $1, some Business farmers began to implement the BMP.
Once the practice resulted in a savings of $6 per acre, 100% of the Business type
farmers have adopted the practice. Business type farmers reached majority adoption
earlier than the general population, doing so closer to $3 than $4 per acre. This
indicates that a small additional incentive could result in the Nutrient Management
practice being adopted at a higher rate if targeted at Business type farmers.
Conventional type farmers were shown to follow similar trends to other BMP cost
share incentives by being the last to adopt the desired practice. Even at a cost-saving
of $9, Conventional type farmers only adopted at a 75% rate with the remaining
farmers continuing to implement No BMP.
Environmental type farmers only reached a 90% adoption rate, even at a $9 savings
per acre. At this cost share, all of the farmers who were previously implementing
Cereal Rye Cover Cropping switched to implementing Nutrient Management except
for farmers implementing Drainage Water Management, who remained relatively
unchanged. This was likely due to the difference in nitrogen loss reduction between
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the two practices, with Drainage Water Management reducing nitrogen loss by an
estimated 40.5% compared to the 14.5% for Nutrient Management.
Innovator farmers reached a peak adoption rate of 70% at a $9 cost savings per
acre. Similar to what was found for Innovator type farmers when testing Drainage
Water Management, they placed a high value on technical difficulty. Because of
this, implementing Cereal Rye Cover Cropping was the preferred BMP even when
Nutrient Management had higher cost savings.
Supplemental type farmers were the first to begin selecting Nutrient Management.
Some of the farmers began implementing the practice at a profit loss of $2 per acre.
The majority of this type of farmer choose this practice when doing so resulted in a
$2 per acre cost savings. Supplemental farmers, before selecting Nutrient Manage-
ment, primarily selected No BMP implementation or Drainage Water Management.
Both practices decreased in adoption rates as the cost savings for Nutrient Man-
agement increased. Farmers of this type reached a 100% adoption rate of Nutrient
Management at approximately $9 per acre.
4.4.4 Implementing a Fine for No Best Management Practice
Adoption
One method to encourage farmers to adopt any of the potential BMPs was to fine
farmers who selected to implement No BMP. To test this, a fine between $0 and $10
per acre was placed on farmers who choose not to adopt. The model shows that a
fine of $1 per acre was sufficient for increasing the adoption of any BMP to more than
50% (Figure 4.17). The most likely BMP adopted was Nutrient Management. This
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follows what was found when cost savings for Nutrient Management was changed
(Figure 4.15). In that scenario, Nutrient Management became the primary practice
at $4 per acre. In this case, the farmer would similarly be calculating a $4 per acre
savings between implementing No BMP with a loss of $1 per acre or implementing
Nutrient Management at a cost savings of $3 per acre. As the fine continued to
increase, the adoption rate of Nutrient Management also increased to a maximum of
80% adoption and adoption of any practice at 98%.
Business type farmers quickly adopted Nutrient Management, the majority doing
so when a $1 per acre fine was implemented and 100% implementing the practice
when the fine was $3 per acre or higher (Figure 4.18).
Conventional type required the highest level of fine to implement any BMP, with
all of the adopters selecting Nutrient Management. The majority of Conventional
farmers selected to adopt a practice at a fine between $4 and $5 per acre with the
adoption of Nutrient Management reaching 90% at a fine of $10 per acre.
Environmental type farmers were already choosing to adopt at a 100% rate without
any fine. As the fine increased, farmers began to switch from Cereal Rye Cover
Cropping to Nutrient Management. This was likely due to the increased social
influence caused by the general adoption of Nutrient Management. For farmers
whose decision-function results were close between Cereal Rye Cover Cropping and
Nutrient Management, this social factor was sufficient to encourage them to switch
practices.
Innovator farmers at the baseline of no fine already implemented a BMP at a rate
of 100%. As the fine increased, farmers of other typologies began to implement Nu-
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trient Management, increasing the social pressure on Innovator farmers to implement
Nutrient Management rather than Cereal Rye Cover Cropping. This accounts for
the change in adoption rates that occurred as the fine increased.
Supplemental type farmers initially had the majority of the farmers selecting to
implement Nutrient Management when no fine was present. The adoption rate grad-
ually increased until reaching 100% BMP selection at a $5 per acre fine.
4.5 Conclusion
Results from the typology and cost share tests on the model indicate that farmer
sensitivity for changing behavior was variable across typologies and parameters. The
model indicated minor changes in cost share for Nutrient Management or the imple-
mentation of a small fine could readily change adoption preferences in the general
farmer population. The model also indicated that changing typologies of farmers





Reducing nitrogen loss in agriculture is vital to protecting water quality. Increasing
the adoption of best management practices (BMPs) is an effective tool to achieve
this goal. Encouraging this needed adoption can be challenging, and understanding
why farmers make decisions and what factors influence the decision-making process
is necessary to increasing implementation rates.
This study developed NitroShed, a farmer decision-making agent-based model to
simulate adoption rates of BMPs. Farmers in the model were separated into typolo-
gies: Business, Conventional, Environmental, Innovator and Supplemental. Each
had unique value systems for considering the decision factors to select a BMP. These
decision factors were Economic, Social, Environmental, Risk Aversion, and Interest
in Innovation. The model was designed to be modular and modifiable to allow for
future research such as the addition of parameters and interfacing with biophysical
models for studying specific regions.
The model was validated using survey results from the Floyd River Watershed
in Sioux County, Iowa, regarding farmer adoption of BMPs (Nowatzke & Arbuckle,
2018). NitroShed successfully modeled the watershed BMP adoption rates using yield
and crop price data (USDA-NASS, 2019c, 2019b), farm cost data (Center for Farm
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Financial Management, 2019), BMP adoption costs and incentives (Christianson
et al., 2013), and farmer typology ratios (Malawska & Topping, 2016; Mattia et
al., 2016; Guillem et al., 2012). The case study considered the adoption of three
BMPs: Nutrient Management, Drainage Water Management, and Cereal Rye Cover
Cropping.
Two case studies were then performed to test how modifying parameters would
impact adoption rates. This was done in two parts.
• Modify the ratio of farmer typologies of farmers in the watershed
• Change the financial incentives provided to farmers through cost share and
fines.
Farmer typology modifications showed that adoption rates generally trend towards
the preferred practices of the most commonly found typology. Evaluating the farm-
ers by typology shows that social influence can change the adoption rates of the
BMPs. For example, when Conventional farmers decrease from 25% of the farmer
population to 20%, Business farmers’ adoption of Nutrient Management increases
from approximately 40% to 50%. In most instances, however, changes in typology
required changes in ratio of greater than 10% to cause significant changes in adoption
rates.
Financial incentives in the form of Cost Share and fines also resulted in changes in
adoption rates. The incentives that most readily influenced changes were Nutrient
Management through increased savings and No BMP through the implementation
of a fine. For Nutrient Management, increasing the cost saving for farmers from
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$3 per acre to $4 per acre increased Nutrient Management adoption to more than
50%. A fine of $1 per acre for not implementing a BMP had a similar result, with
a significant number of farmers switching from No BMP to Nutrient Management.
This is due to Nutrient Management being least cost-prohibitive to implement as
well as low risk and relatively low technical difficulty.
For Cereal Rye Cover Cropping and Drainage Water Management, increasing the
cost share by $25 per acre was required to achieve an adoption rate of greater than
50%. For Drainage Water Management, this resulted in a final cost to farmers of
$14.42 to implement. For Cereal Rye Cover Cropping, farmers earned an additional
$10 per acre beyond the costs of implementing the cover crop. Cereal Rye Cover
Cropping also showed unique behavior as cost share increased. During the first in-
crease in adoption of Cereal Rye Cover Cropping, No BMP also began to increase.
For farmers who were implementing Nutrient Management, the social influence to
implement Nutrient Management decreased and adoption of Cereal Rye Cover Crop-
ping was too prohibitive. This was because Cereal Rye Cover Cropping had more
risk to implement and was more technically difficult. The result of this was farmers
instead chose to implement No BMP. Once the adoption rate of Cereal Rye Cover
Cropping increased to sufficient levels, farmers who had chosen to adopt No BMP
now selected of a financial incentive to implement the practice.
The results of the NitroShed model show that farmer decision-making is complex
but can be influenced to modify adoption rates of BMPs. Understanding the decision
process of farmers can lead to improved strategies by non-farmer stakeholders to
influence adoption rates and reduce nutrient loss from agriculture. The development
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of the model using a modular structure will allow the model to be used beyond the




One of the primary goals in developing this model was to create a design which was
modularized and modifiable, allowing for it to be used in future research. The current
model provides many useful insights into farmer decision-making and is currently
capable of modeling best management practice (BMP) adoption for any Midwestern
field crop by adding the necessary yield, price, and cost data. The model could also be
modified for other BMPs, although the user will need to make assessments regarding
the technical difficulty of implementing the desired BMP. To further the model design
and increase the ability of the model to simulate farmer decision-making, future work
will be described below.
The model currently assumes that farmers know about all of the BMPs, which is
not the case in reality. Including knowledge dissemination could be an important
factor in a future model. The dissemination would primarily come from the Com-
munity agent and would have the potential of providing farmers with information
about the existence of the BMP, as well as education on the potential BMPs, which
could be represented by reducing the perceived risk of the BMP for the farmer. This
would allow researchers with the ability to test how non-monetary incentives and
outreach could be useful in increasing adoption rates of desired BMPs.
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An important part of farmer decision-making that wasn’t considered in this model
was the future planning of the farm through a time horizon. The time horizon is the
number of years farmers plan for when making a decision. This allows the farmer to
consider multi-year investments and contracts. Incorporating time horizons into the
model is important because the lifespans of some of the BMPs extend beyond one
year. For example, the Drainage Water Management system can be utilized for up to
40 years with minimal maintenance costs (Christianson et al., 2013). Additionally,
BMPs such as cover cropping can impact yield based on length of utilization. Im-
proved soil health and reduced pest damage are potential benefits from using cover
crops for multiple years (Clark, 2007). Incorporating a time horizon will also make
it possible for farmers to enter into contracts such as the Conservation Reserve Pro-
gram (CRP). These factors could also allow the model to project possible outcomes
in the future as part of the planning process for stakeholders.
An additional factor that can be included in the model is land-leasing. This
practice has become a significant part of Midwestern agriculture and needs to be
considered as stakeholders are seeking to reduce nutrient loss. Based on the 2017
census, around one-third of farmland is leased and over half in Illinois is leased
(USDA-NASS, 2019a). Incorporating a lease agreement into the model will require
the addition of a new decision-making agent on farmlands to represent the lessor,
as well as adding a time horizon decision-factor for the farmers. Incorporating this
component into the model would allow for studying farmers when they do not own
all of their land, as well as provide researchers the opportunity to study possible
methods to incentivize non-operating landowners to invest in BMPs on their land
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(Petrzelka, Buman, & Ridgely, 2009).
Incorporating soil and land data also means farmers can select BMPs based on their
specific needs versus using a generic system. Geology, soil data, and topography are
all factors that can influence nutrient runoff, resulting in practices having varying
efficacy. For Drainage Water Management, the number of water control structures
required is partially dependent on slope. Incorporating land data would provide
individualized estimates on the number of structures required, and therefore, the
cost of implementing the system on their land. Incorporating soil and land data
would also allow researchers to interface biophysical models such as the Soil and
Water Assessment Tool (SWAT) with NitroShed. This would allow for researchers to
test how farmer decision-making would impact a specific region and more accurately
predict the nutrient loss reduction due to the adoption of BMPs.
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APPENDIX A: INPUT DATA




















1994 1 156 2.26 223.14
1995 2 113 3.24 239.16
1996 3 136 2.71 280.17
1997 4 129 2.43 287.29
1998 5 141 1.94 281.72
1999 6 140 1.82 277.71
2000 7 151 1.85 280.85
2001 8 152 1.97 296.3
2002 9 135 2.32 294.46
2003 10 164 2.42 300.04
2004 11 180 2.06 332.37
2005 12 143 2 351.11
2006 13 163 3.04 369.59
2007 14 175 4.2 406.07
2008 15 179 4.06 512.43
2009 16 174 3.55 572.27
2010 17 157 5.18 526.17
2011 18 157 6.22 604.17
2012 19 105 6.89 671.05
2013 20 178 4.46 715.22
2014 21 200 3.7 711.18
2015 22 175 3.61 671.34
2016 23 197 3.36 641.72
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Table A.2: Farmer Typology Parameter Ranges. Parameters used for the weighting
system for each of the decision factors farmers use when considering each factor.
Farmers of each type are randomly assigned values from for each parameter with
uniform distribution.




Business 4, 6 5, 000, 9, 000 1, 3 14, 16 −9,−7
Conventional 2, 5 9, 000, 13, 000 .5, 3 11, 14 −16,−11
Environmental 3, 5 5, 000, 7, 000 5, 8 1, 5 7, 11
Innovator 2, 5 3, 000, 6, 000 2, 6 .1, 4 10, 14
Supplemental 2, 5 6, 000, 8, 000 1, 4 10, 13 −8,−6
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